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This book is dedicated to Professor
Boris T. Polyak on the occasion of his
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Preface

This book is a collection of papers related to the International Conference “Opti-
mization and Its Applications in Control and Data Sciences” dedicated to Professor
Boris T. Polyak on the occasion of his 80th birthday, which was held in Moscow,
Russia, May 13-15, 2015.

Boris Polyak obtained his Ph.D. in mathematics from Moscow State University,
USSR, in 1963 and the Dr.Sci. degree from Moscow Institute of Control Sciences,
USSR, in1986. Between 1963 and 1971 he worked at Lomonosov Moscow State
University, and in 1971 he moved to the V.A. Trapeznikov Institute of Control
Sciences, Russian Academy of Sciences. Professor Polyak was the Head of Tsypkin
Laboratory and currently he is a Chief Researcher at the Institute. Professor Polyak
has held visiting positions at universities in the USA, France, Italy, Israel, Finland,
and Taiwan; he is currently a professor at Moscow Institute for Physics and
Technology. His research interests in optimization and control have an emphasis
in stochastic optimization and robust control. Professor Polyak is IFAC Fellow, and
a recipient of Gold Medal EURO-2012 of European Operational Research Society.
Currently, Boris Polyak’s h-index is 45 with 11807 citations including 4390 citations
since 2011.

This volume contains papers reflecting developments in theory and applications
rooted by Professor Polyak’s fundamental contributions to constrained and uncon-
strained optimization, differentiable and nonsmooth functions including stochastic
optimization and approximation, optimal and robust algorithms to solve many
problems of estimation, identification, and adaptation in control theory and its
applications to nonparametric statistics and ill-posed problem:s.

This book focus is on the recent research in modern optimization and its
implications in control and data analysis. Researchers, students, and engineers will
benefit from the original contributions and overviews included in this book. The
book is of great interest to researchers in large-scale constraint and unconstrained,
convex and non-linear, continuous and discrete optimization. Since it presents
open problems in optimization, game and control theories, designers of efficient
algorithms and software for solving optimization problems in market and data
analysis will benefit from new unified approaches in applications from managing

vii
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portfolios of financial instruments to finding market equilibria. The book is also
beneficial to theoreticians in operations research, applied mathematics, algorithm
design, artificial intelligence, machine learning, and software engineering. Graduate
students will be updated with the state-of-the-art in modern optimization, control
theory, and data analysis.

Athens, OH, USA Boris Goldengorin
March 2016



Acknowledgements

This volume collects contributions presented within the International Conference
“Optimization and Its Applications in Control and Data Sciences” held in Moscow,
Russia, May 13-15, 2015 or submitted by an open call for papers to the book “Opti-
mization and Its Applications in Control Sciences and Data Analysis” announced at
the same conference.

I would like to express my gratitude to Professors Alexander S. Belenky
(National Research University Higher School of Economics and MIT) and Panos
M. Pardalos (University of Florida) for their support in organizing the publication
of this book including many efforts with invitations of top researches in contributing
and reviewing the submitted papers.

I am thankful to the reviewers for their comprehensive feedback on every
submitted paper and their timely replies. They greatly improved the quality of
submitted contributions and hence of this volume. Here is the list of all reviewers:

1. Anatoly Antipin, Federal Research Center “Computer Science and Control”
of Russian Academy of Sciences, Moscow, Russia

2. Saman Babaie-Kafaki, Faculty of Mathematics, Statistics, and Computer
Science Semnan University, Semnan, Iran

3. Amit Bhaya, Graduate School of Engineering (COPPE), Federal University of
Rio de Janeiro (UFRIJ), Rio de Janeiro, Brazil

4. Lev Bregman, Department of Mathematics, Ben Gurion University, Beer
Sheva, Israel

5. Arkadii A. Chikrii, Optimization Department of Controlled Processes,
Cybernetics Institute, National Academy of Sciences, Kiev, Ukraine

6. Giacomo Como, The Department of Automatic Control, Lund University,
Lund, Sweden

7. Xiao Liang Dong, School of Mathematics and Statistics, Xidian University,
Xi’an, People’s Republic of China

8. Trevor Fenner, School of Computer Science and Information Systems,
Birkbeck College, University of London, London, UK

ix



10.

11.

12.

13.
14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

27.

28.

29.

Acknowledgements

Sjur Didrik Flam, Institute of Economics, University of Bergen, Bergen,
Norway

Sergey Frenkel, The Institute of Informatics Problems, Russian Academy of
Science, Moscow, Russia

Piyush Grover, Mitsubishi Electric Research Laboratories, Cambridge, MA,
USA

Jacek Gondzio, School of Mathematics The University of Edinburgh,
Edinburgh, Scotland, UK

Rita Giuliano, Dipartimento di Matematica Universita di Pisa, Pisa, Italy
Grogori Kolesnik, Department of Mathematics, California State University,
Los Angeles, CA, USA

Pavlo S. Knopov, Department of Applied Statistics, Faculty of Cybernetics,
Taras Shevchenko National University, Kiev, Ukraine

Arthur Krener, Mathematics Department, University of California, Davis,
CA, USA

Bernard C. Levy, Department of Electrical and Computer Engineering,
University of California, Davis, CA, USA

Vyacheslav 1. Maksimov, Institute of Mathematics and Mechanics, Ural
Branch of the Russian Academy of Sciences, Ekaterinburg, Russia

Yuri Merkuryev, Department of Modelling and Simulation, Riga Technical
University, Riga, Latvia

Arkadi Nemorovski, School of Industrial and Systems Engineering, Atlanta,
GA, USA

José Valente de Oliveira, Faculty of Science and Technology, University of
Algarve Campus de Gambelas, Faro, Portugal

Alex Poznyak, Dept. Control Automatico CINVESTAV-IPN, Mexico D.F,,
Mexico

Vladimir Yu. Protasov, Faculty of Mechanics and Mathematics, Lomonosov
Moscow State University, and Faculty of Computer Science of National
Research University Higher School of Economics, Moscow, Russia

Simeon Reich, Department of Mathematics, Technion-Israel Institute of
Technology, Haifa, Israel

Alessandro Rizzo, Computer Engineering, Politecnico di Torino, Torino, Italy
Carsten W. Scherer, Institute of Mathematical Methods in Engineering,
University of Stuttgart, Stuttgart, Germany

Alexander Shapiro, School of Industrial and Systems Engineering, Atlanta,
GA, USA

Lieven Vandenberghe, UCLA Electrical Engineering Department, Los
Angeles, CA, USA

Yuri Yatsenko, School of Business, Houston Baptist University, Houston, TX,
USA

I would like to acknowledge the superb assistance that the staff of Springer

has provided (thank you Razia Amzad). Also I would like to acknowledge help
in preparation of this book from Silembarasanh Panneerselvam.



Acknowledgements xi

Technical assistance with reformatting some papers and compilation of this
book’s many versions by Ehsan Ahmadi (PhD student, Industrial and Systems Engi-
neering Department, Ohio University, Athens, OH, USA) is greatly appreciated.

Finally, I would like to thank all my colleagues from the Department of Industrial
and Systems Engineering, The Russ College of Engineering and Technology, Ohio
University, Athens, OH, USA for providing me with a pleasant atmosphere to work
within C. Paul Stocker Visiting Professor position.



Contents

A New Adaptive Conjugate Gradient Algorithm
for Large-Scale Unconstrained Optimization.................................
Neculai Andrei

On Methods of Terminal Control with Boundary-Value
Problems: Lagrange Approach..................................oLL
Anatoly Antipin and Elena Khoroshilova

Optimization of Portfolio Compositions for Small and Medium
Price-Taking Traders .......... ... e
Alexander S. Belenky and Lyudmila G. Egorova

Indirect Maximum Likelihood Estimation ....................................
Daniel Berend and Luba Sapir

Lagrangian Duality in Complex Pose Graph Optimization .................
Giuseppe C. Calafiore, Luca Carlone, and Frank Dellaert

State-Feedback Control of Positive Switching Systems with

Markovian JumpS ..o
Patrizio Colaneri, Paolo Bolzern, José C. Geromel,

and Grace S. Deaecto

Matrix-Free Convex Optimization Modeling .................................
Steven Diamond and Stephen Boyd

Invariance Conditions for Nonlinear Dynamical Systems ...................
Zoltan Horvath, Yunfei Song, and Tamas Terlaky

Modeling of Stationary Periodic Time Series by ARMA Representations
Anders Lindquist and Giorgio Picci

A New Two-Step Proximal Algorithm of Solving the Problem
of Equilibrium Programming........................................LL
Sergey 1. Lyashko and Vladimir V. Semenov

Xiii



Xiv

Nonparametric Ellipsoidal Approximation

of Compact Sets of Random Points ............................................

Sergey I. Lyashko, Dmitry A. Klyushin, Vladimir V. Semenov,
Maryna V. Prysiazhna, and Maksym P. Shlykov

Extremal Results for Algebraic Linear Interval Systems....................

Daniel N. Mohsenizadeh, Vilma A. Oliveira, Lee H. Keel,
and Shankar P. Bhattacharyya

Applying the Gradient Projection Method

to a Model of Proportional Membership for Fuzzy Cluster Analysis ......

Susana Nascimento

Algorithmic Principle of Least Revenue for Finding Market Equilibria ..

Yurii Nesterov and Vladimir Shikhman

The Legendre Transformation in Modern Optimization ....................

Roman A. Polyak

Contents



Contributors

Neculai Andrei Center for Advanced Modeling and Optimization, Research Insti-
tute for Informatics, Bucharest, Romania

Academy of Romanian Scientists, Bucharest, Romania

Anatoly Antipin Federal Research Center “Computer Science and Control” of
Russian Academy of Sciences, Dorodnicyn Computing Centre, Moscow, Russia

Alexander S. Belenky National Research University Higher School of Economics,
Moscow, Russia

Center for Engineering Systems Fundamentals, Massachusetts Institute of Technol-
ogy, Cambridge, MA, USA

Daniel Berend Departments of Mathematics and Computer Science, Ben-Gurion
University, Beer Sheva, Israel

Shankar P. Bhattacharyya Department of Electrical and Computer Engineering,
Texas A&M University, College Station, TX, USA

Paolo Bolzern Politecnico di Milano, DEIB, Milano, Italy

Stephen Boyd Department of Electrical Engineering, Stanford University,
Stanford, CA, USA

Giuseppe C. Calafiore Politecnico di Torino, Torino, Italy
Luca Carlone Massachusetts Institute of Technology, Cambridge, MA, USA
Patrizio Colaneri Politecnico di Milano, DEIB, IEIIT-CNR, Milano, Italy

Grace S. Deaecto School of Mechanical Engineering, UNICAMP, Campinas,
Brazil

Frank Dellaert Georgia Institute of Technology, Atlanta, GA, USA

Steven Diamond Department of Computer Science, Stanford University, Stanford,
CA, USA

XV



XVi Contributors

Lyudmila G. Egorova National Research University Higher School of Economics,
Moscow, Russia

José C. Geromel School of Electrical and Computer Engineering, UNICAMP,
Campinas, Brazil

Zoltan Horvath Department of Mathematics and Computational Sciences,
Széchenyi Istvan University, Gy6r, Hungary

Lee H. Keel Department of Electrical and Computer Engineering, Tennessee State
University, Nashville, USA

Elena Khoroshilova Faculty of Computational Mathematics and Cybernetics,
Lomonosov Moscow State University, Moscow, Russia

Dmitry A. Klyushin Kiev National Taras Shevchenko University, Kiev, Ukraine
Anders Lindquist Shanghai Jiao Tong University, Shanghai, China
Royal Institute of Technology, Stockholm, Sweden

Sergey I. Lyashko Department of Computational Mathematics, Kiev National
Taras Shevchenko University, Kiev, Ukraine

Daniel N. Mohsenizadeh Department of Electrical and Computer Engineering,
Texas A&M University, College Station, TX, USA

Susana Nascimento Department of Computer Science and NOVA Laboratory
for Computer Science and Informatics (NOVA LINCS), Faculdade de Ciéncias e
Tecnologia, Universidade Nova de Lisboa, Caparica, Portugal

Yurii Nesterov Center for Operations Research and Econometrics (CORE),
Catholic University of Louvain (UCL), Louvain-la-Neuve, Belgium

Vilma A. Oliveira Department of Electrical and Computer Engineering, Univer-
sity of Sao Paulo at Sao Carlos, Sao Carlos, SP, Brazil

Giorgio Picci University of Padova, Padova, Italy

Roman A. Polyak Department of Mathematics, The Technion — Israel Institute of
Technology, Haifa, Israel

Maryna V. Prysiazhna Kiev National Taras Shevchenko University, Kiev, Ukraine

Luba Sapir Department of Mathematics, Ben-Gurion University and Deutsche
Telekom Laboratories at Ben-Gurion University, Beer Sheva, Israel

Vladimir V. Semenov Department of Computational Mathematics, Kiev National
Taras Shevchenko University, Kiev, Ukraine

Vladimir Shikhman Center for Operations Research and Econometrics (CORE),
Catholic University of Louvain (UCL), Louvain-la-Neuve, Belgium

Maksym P. Shlykov Kiev National Taras Shevchenko University, Kiev, Ukraine



Contributors xvii
Yunfei Song Department of Industrial and Systems Engineering, Lehigh Univer-
sity, Bethlehem, PA, USA

Tamas Terlaky Department of Industrial and Systems Engineering, Lehigh Uni-
versity, Bethlehem, PA, USA



A New Adaptive Conjugate Gradient Algorithm
for Large-Scale Unconstrained Optimization

Neculai Andrei

This paper is dedicated to Prof. Boris T. Polyak on the occasion
of his 80th birthday. Prof. Polyak’s contributions to linear and
nonlinear optimization methods, linear algebra, numerical
mathematics, linear and nonlinear control systems are
well-known. His articles and books give careful attention to
both mathematical rigor and practical relevance. In all his
publications he proves to be a refined expert in understanding
the nature, purpose and limitations of nonlinear optimization
algorithms and applied mathematics in general. It is my great
pleasure and honour to dedicate this paper to Prof. Polyak, a
pioneer and a great contributor in his area of interests.

Abstract An adaptive conjugate gradient algorithm is presented. The search
direction is computed as the sum of the negative gradient and a vector determined by
minimizing the quadratic approximation of objective function at the current point.
Using a special approximation of the inverse Hessian of the objective function,
which depends by a positive parameter, we get the search direction which satisfies
both the sufficient descent condition and the Dai-Liao’s conjugacy condition. The
parameter in the search direction is determined in an adaptive manner by clustering
the eigenvalues of the matrix defining it. The global convergence of the algorithm is
proved for uniformly convex functions. Using a set of 800 unconstrained optimiza-
tion test problems we prove that our algorithm is significantly more efficient and
more robust than CG-DESCENT algorithm. By solving five applications from the
MINPACK-2 test problem collection, with 10° variables, we show that the suggested
adaptive conjugate gradient algorithm is top performer versus CG-DESCENT.

Keywords Unconstrained optimization ¢ Adaptive conjugate gradient method ¢
Sufficient descent condition * Conjugacy condition ¢ Eigenvalues clustering ¢
Numerical comparisons

N. Andrei (PX)
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2 N. Andrei
1 Introduction

For solving the large-scale unconstrained optimization problem
min{f(x) : x € R"}, (D

where f : R® — R is a continuously differentiable function, we consider the
following algorithm

X1 = Xk + oy, ()

where the step size oy is positive and the directions dj are computed using the
updating formula:

i1 = —8ik+1 + Upt1. 3)

Here, g = Vf(x;), and uz41 € R" is a vector to be determined. Usually, in (2), the
steplength «; is computed using the Wolfe line search conditions [34, 35]:

F O+ ondy) < f(x) + poegy d., 4)
ghdy > ogldy, (5)

where 0 < p < o < 1. Also, the strong Wolfe line search conditions consisting
of (4) and the following strengthened version of (5):

gty di| < —ogldy (6)

can be used.

Observe that (3) is a general updating formula for the search direction compu-
tation. The following particularizations of (3) can be presented. If u;; = 0, then
we get the steepest descent algorithm. If up 1 = (I — V2f(x3+1) ") gr+1. then the
Newton method is obtained. Besides, if w4+ = (I — Bkjll)gkﬂ, where Bj4 is an
approximation of the Hessian V2f(x;41) then we find the quasi-Newton methods.
On the other hand, if uy+; = Brdy, where By is a scalar and dy = —go, the family
of conjugate gradient algorithms is generated.

In this paper we focus on conjugate gradient method. This method was intro-
duced by Hestenes and Stiefel [21] and Stiefel [31], (BfS = gl yi/yid), to
minimize positive definite quadratic objective functions ( Herey, = gi4+1 — &k.)
This algorithm for solving positive definite linear algebraic systems of equations
is known as linear conjugate gradient. Later, the algorithm was generalized to
nonlinear conjugate gradient in order to minimize arbitrary differentiable nonlinear
functions, by Fletcher and Reeves [14], (B = |gi+1]*/llexll?), Polak and
Ribiere [27] and Polyak [28], (BF** = gl ,v/llgk|>), Dai and Yuan [10],
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(BPY = ||gi4111>/yFdy), and many others. An impressive number of nonlinear
conjugate gradient algorithms have been established, and a lot of papers have
been published on this subject insisting both on theoretical and computational
aspects. An excellent survey of the development of different versions of nonlinear
conjugate gradient methods, with special attention to global convergence properties,
is presented by Hager and Zhang [20].

In this paper we consider another approach to generate an efficient and robust
conjugate gradient algorithm. We suggest a procedure for u;4; computation by
minimizing the quadratic approximation of the function f in x;4+; and using a
special representation of the inverse Hessian which depends on a positive parameter.
The parameter in the matrix representing the search direction is determined in an
adaptive manner by minimizing the largest eigenvalue of it. The idea, taken from
the linear conjugate gradient, is to cluster the eigenvalues of the matrix representing
the search direction.

The algorithm and its properties are presented in Sect. 2. We prove that the search
direction used by this algorithm satisfies both the sufficient descent condition and
the Dai and Liao conjugacy condition [11]. Using standard assumptions, Sect.3
presents the global convergence of the algorithm for uniformly convex functions.
In Sect.4 the numerical comparisons of our algorithm versus the CG-DESCENT
conjugate gradient algorithm [18] are presented. The computational results, for a
set of 800 unconstrained optimization test problems, show that this new algorithm
substantially outperform CG-DESCENT, being more efficient and more robust.
Considering five applications from the MINPACK-2 test problem collection [4],
with 10° variables, we show that our algorithm is way more efficient and more
robust than CG-DESCENT.

2 The Algorithm

In this section we describe the algorithm and its properties. Let us consider that at
the kth iteration of the algorithm an inexact Wolfe line search is executed, that is the
step-length o, satisfying (4) and (5) is computed. With these the following elements
Sk = Xp4+1 — Xx and yp = gr+1 — g are computed. Now, let us take the quadratic
approximate of function f in x;4; as

1
Dp1(d) = fig1 + g1 d + EdTBk+ld, 7

where By is an approximation of the Hessian V2f(x; ) of functionf and d is the
direction to be determined. The search direction dj4 is computed as in (3), where
ug+1 1s computed as solution of the following minimizing problem

min Py (di+1). ¥

ug+1 €ER"
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Introducing di+; from (3) in the minimizing problem (8), then w4 is obtained
as

a1 = (I — B )8kt )

Clearly, using different approximations By of the Hessian V2f(x; ) different
search directions d;4+; can be obtained. In this paper we consider the following
expression of B! :

T T T
Skyk —ykSk w SkSk
Kk 7K e

Bl =1—
k+1 T T
Vi Sk Vi Sk

, (10)

where wy is a positive parameter which follows to be determined. Observe
that Bi!, is the sum of a skew symmetric matrix with zero diagonal elements
(skyF —yisT)/yF sk, and a pure symmetric and positive definite one I + wysst /vl si.
The expression of Bkjl in (10) is a small modification of the BFGS quasi-
Newton updating formula without memory. This is considered here in order to
get the sufficient descent and the conjugacy conditions of the corresponding search
direction. Now, from (9) we get:

T T T
SkYie — Yk, Sk,
U1 = [%—wu—k}gm (11)
Vi Sk Vi Sk
Denote Hy11 = Bkjil. Therefore, using (11) in (3) the search direction can be
expressed as
di+1 = —Hi18k+1, (12)

where

T T T
SkYk — YiSk SkSy,

Hipr=1- .
ykTsk y[sk

13)

Observe that the search direction (12), where Hy; is given by (13), obtained by
using the expression (10) of the inverse Hessian Bkjl 1+ 1s given by:

T T T
N N
Yk 8k+1 —w» k8k+1)s . kgk-i-lyk. (14)

diy1 = —gk+1 + ( k
ylfsk y;fsk yzsk

Proposition 2.1. Consider w; > 0 and the step length oy in (2) is determined by
the Wolfe line search conditions (4) and (5). Then the search direction (14) satisfies
the descent condition g,{ +1dk+1 = 0.
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Proof. By direct computation, since wy > 0, we get:

T 2
S,
”2_wk(gk+1 ) <

<0.1
y;ZSk

Sir1die1 = —ll gkt

Proposition 2.2. Consider w;, > 0 and the step length oy in (2) is determined by
the Wolfe line search conditions (4) and (5). Then the search direction (14) satisfies
the Dai and Liao conjugacy condition yl dy41 = —vi(s! gx+1), where v > 0.

Proof. By direct computation we have
2
[yl

Yidir1 = — | o + = | (5 &+1) = —vils] &t1),
Vi Sk

2
el
Vlsk

that y! s, > 0, therefore vy > 0. l

where v, = wy + . By Wolfe line search conditions (4) and (5) it follows

Observe that, although we have considered the expression of the inverse Hessian
as that given by (10), which is a non-symmetric matrix, the search direction (14),
obtained in this manner, satisfies both the descent condition and the Dai and Liao
conjugacy condition. Therefore, the search direction (14) leads us to a genuine
conjugate gradient algorithm. The expression (10) of the inverse Hessian is only
a technical argument to get the search direction (14). It is remarkable to say that
from (12) our method can be considered as a quasi-Newton method in which the
inverse Hessian, at each iteration, is expressed by the non-symmetric matrix Hy .
More than this, the algorithm based on the search direction given by (14) can be
considered as a three-term conjugate gradient algorithm.

In this point, to define the algorithm the only problem we face is to specify a
suitable value for the positive parameter wy. As we know, the convergence rate of the
nonlinear conjugate gradient algorithms depend on the structure of the eigenvalues
of the Hessian and the condition number of this matrix. The standard approach
is based on a singular value study on the matrix Hyy; (see for example [6, 7]),
i.e. the numerical performances and the efficiency of the quasi-Newton methods
are based on the condition number of the successive approximations of the inverse
Hessian. A matrix with a large condition number is called an ill-conditioned matrix.
Ill-conditioned matrices may produce instability in numerical computation with
them. Unfortunately, many difficulties occur when applying this approach to general
nonlinear optimization problems. Mainly, these difficulties are associated to the
condition number computation of a matrix. This is based on the singular values
of the matrix, which is a difficult and laborious task. However, if the matrix Hy is
a normal matrix, then the analysis is simplified because the condition number of a
normal matrix is based on its eigenvalues, which are easier to be computed.

As we know, generally, in a small neighborhood of the current point, the
nonlinear objective function in the unconstrained optimization problem (1) behaves
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like a quadratic one for which the results from linear conjugate gradient can apply.
But, for faster convergence of linear conjugate gradient algorithms some approaches
can be considered like: the presence of isolated smallest and/or largest eigenvalues
of the matrix Hy+1, as well as gaps inside the eigenvalues spectrum [5], clustering of
the eigenvalues about one point [33] or about several points [23], or preconditioning
[22]. If the matrix has a number of certain distinct eigenvalues contained in m
disjoint intervals of very small length, then the linear conjugate gradient method will
produce a very small residual after m iterations [24]. This is an important property
of linear conjugate gradient method and we try to use it in nonlinear case in order
to get efficient and robust conjugate gradient algorithms. Therefore, we consider
the extension of the method of clustering the eigenvalues of the matrix defining the
search direction from linear conjugate gradient algorithms to nonlinear case.

The idea is to determine wy, by clustering the eigenvalues of Hy4 1, given by (13),
by minimizing the largest eigenvalue of the matrix Hj4; from the spectrum of this
matrix. The structure of the eigenvalues of the matrix Hy is given by the following
theorem.

Theorem 2.1. Let Hy be defined by (13). Then Hyy is a nonsingular matrix and
its eigenvalues consist of 1 (n — 2 multiplicity), /\,j'_H, and Ay, |, where

1
l,'{"_i_l =5 |:(2 + wiby) + \/a),fb,% —day + 4i| , (15)
— 1 [ 212
Ak+l = E (2 + wby) — a)kbk—4ak+4 s (16)
and

PAREAR llse])?
= WLy, = > 0. 17
I T e T a

Proof. By the Wolfe line search conditions (4) and (5) we have that y,{sk > 0.
Therefore, the vectors y; and s; are nonzero vectors. Let V be the vector space
spanned by {s;, y¢}. Clearly, dim(V) < 2 and dim(V~+) > n — 2. Thus, there exist a
set of mutually unit orthogonal vectors {u} }'_7 C V4 such that
s,{u}c :y,{uf{ =0,i=1,...,n—2,
which from (13) leads to

Hk+1u§(=u§(, i=1,...,l’l—2.

Therefore, the matrix Hy; has n — 2 eigenvalues equal to 1, which corresponds
to {ul}"=? as eigenvectors.
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Now, we are interested to find the rest of the two remaining eigenvalues, denoted
as A, | and A, |, respectively. From the formula of algebra (see for example [32])

det(I + pqg" +uv") = (1 + ¢"p)(1 + v"u) — (p"v)(g"w),

where p = %, q=s,u= —y%—ik and v = y, it follows that
il lyell? i I>
det(Hk+]) = W7 = a; + wiby. (18)

k
(Y;{Sk)z Vi Sk

But, a; > 1 and by > 0, therefore, Hy4 is a nonsingular matrix.
On the other hand, by direct computation

2
I

tr(Hg1) = n+ op—
Yk

=n+ wiby. (19)
Sk

By the relationships between the determinant and the trace of a matrix and
its eigenvalues, it follows that the other eigenvalues of Hy; are the roots of the
following quadratic polynomial

22— 2+ b)) A + (ap + axby) = 0. (20)
Clearly, the other two eigenvalues of the matrix Hy4; are determined from (20)

as (15) and (16), respectively. Observe that a; > 1 follows from Wolfe conditions
and the inequality

T 2
s I
llsell™ — Yiese

In order to have both )&Z'_H and )Lk__H as real eigenvalues, from (15) and (16) the
following condition must be fulfilled a),fb,% —4a;+4 > 0, out of which the following
estimation of the parameter w; can be determined:

2 a =1
> ‘;—". Q1)
k

Since a; > 1, if ||s¢]| > 0, it follows that the estimation of wy given in (21) is well
defined. From (20) we have

A’/—(":‘rl + Ar]:+1 =2+ wkbk > Oa (22)

Ao A = ax + oy > 0. (23)
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Therefore, from (22) and (23) we have that both kk++] and A, are positive
eigenvalues. Since a),fbi—4ak+4 > 0, from (15) and (16) we have that )‘1:-1 > Ay
By direct computation, from (15), using (21) we get

AMoazl+Va—1>1. (24)

A simple analysis of Eq. (20) shows that 1 < A;,; < A, |. Therefore Hiy isa
positive definite matrix. The maximum eigenvalue of Hy4 is )L,j'_H and its minimum
eigenvalue is 1.

Proposition 2.3. The largest eigenvalue

1
)Ll—ci_+1 = 5 |:(2 + wiby) + \/ a),fb,% —4a; + 4i| 25)

gets its minimum 1 + /ay, — 1, when w;, = 2—*:}1‘_1.

Proof. Observe that a; > 1. By direct computation the minimum of (25) is obtained
for wy = (2+4/ay — 1) /by, for which its minimum value is 1 + /a; — 1. B

We see that according to proposition 2.3 when w; = (2+/ax — 1)/b; the largest
eigenvalue of Hj4; arrives at the minimum value, i.e. the spectrum of Hjy; is

clustered. In fact for w, = Qvax—1)/by, )L,j'_H = Ay = 1+ Va— 1

Therefore, from (17) the following estimation of wy; can be obtained:

T
o = 22k ,/ak—1§2M\/ak—l. (26)
Sk

2
llsll

From (17) a; > 1, hence if ||si|| > O it follows that the estimation of wy given
by (26) is well defined. However, we see that the minimum of )L,j'_H obtained for
wy = 2+/a; — 1/by, is given by 1 + /a; — 1. Therefore, if a; is large, then the
largest eigenvalue of the matrix Hy4 will be large. This motivates the parameter wy
to be computed as:

wy = (27)

241 — llll'i—/’f” if a, > 1,
2 a — 1 d{’;” , otherwise,

where 7 > 1 is a positive constant. Therefore, our algorithm is an adaptive
conjugate gradient algorithm in which the value of the parameter wy in the search
direction (14) is computed as in (27) trying to cluster all the eigenvalues of Hyy
defining the search direction of the algorithm.

Now, as we know, Powell [30] constructed a three dimensional nonlinear
unconstrained optimization problem showing that the PRP and HS methods could
cycle infinitely without converging to a solution. Based on the insight gained by
his example, Powell [30] proposed a simple modification of PRP method where
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the conjugate gradient parameter<” is modified as B **+ = max{BFR, 0}. Later
on, for general nonlinear objective functions Gilbert and Nocedal [15] studied the
theoretical convergence and the efficiency of PRP+ method. In the following, to
attain a good computational performance of the algorithm we apply the Powell’s
idea and consider the following modification of the search direction given by (14)
as:

T T T
Vi 8k+1 — WiS 8k+1 Sk 8k+1
k k ,o) Sk— Sy (28)

di+1 = —8k+1 + max( -
Vi Sk

Yk Sk

where wy is computed as in (27).

Using the procedure of acceleration of conjugate gradient algorithms presented in
[1], and taking into consideration the above developments, the following algorithm
can be presented.

NADCG Algorithm (New Adaptive Conjugate Gradient Algorithm)

Step 1. Select a starting point xo € R" and compute: f(xo), go = Vf(xp). Select some positive
values for p and o used in Wolfe line search conditions. Consider a positive value for
the parameter 7. (t > 1) Setdy = —gp and k = 0.

Step 2. Test a criterion for stopping the iterations. If this test is satisfied, then stop; otherwise
continue with step 3.

Step 3.  Determine the steplength oy by using the Wolfe line search (4) and (5).

Step4. Compute z = x; + axdy, g, = Vf(z) and y, = gx — g.-

StepS.  Compute: @ = agg!di and by = —auyl dy.

Step 6. Acceleration scheme. If l;k > 0, then compute & = —a;/ l_)k and update the variables as
Xe+1 = X + Epoudy, otherwise update the variables as x4 = x; + ody.

Step 7.  Compute wy as in (27).

Step 8.  Compute the search direction as in (28).

Step9.  Powell restart criterion. If )gl+1gk‘ > 0.2]gxa1]I?, then set dey 1 = —git1.
Step 10.  Consider k = k 4 1 and go to step 2. H

If function f is bounded along the direction dj, then there exists a stepsize oy
satisfying the Wolfe line search (see for example [13] or [29]). In our algorithm
when the Beale-Powell restart condition is satisfied, then we restart the algorithm
with the negative gradient —g;;. More sophisticated reasons for restarting the
algorithms have been proposed in the literature [12], but we are interested in
the performance of a conjugate gradient algorithm that uses this restart criterion
associated to a direction satisfying both the descent and the conjugacy conditions.
Under reasonable assumptions, the Wolfe conditions and the Powell restart criterion
are sufficient to prove the global convergence of the algorithm. The first trial of
the step length crucially affects the practical behavior of the algorithm. At every
iteration k > 1 the starting guess for the step oy in the line search is computed
as o—1 ||di—11| / lldk|| - For uniformly convex functions, we can prove the linear
convergence of the acceleration scheme used in the algorithm [1].
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3 Global Convergence Analysis

Assume that:

i. Thelevel set S = {x € R" : f(x) < f(x0)} is bounded.
ii. In a neighborhood N of S the function f is continuously differentiable and
its gradient is Lipschitz continuous, i.e. there exists a constant L > 0 such that

IVf(x) = VIO = Llx =yl forall x,y€N.

Under these assumptions on f there exists a constant I > 0 such that | Vf(x)|| < I”
for all x € S. For any conjugate gradient method with strong Wolfe line search the
following general result holds [26].

Proposition 3.1. Suppose that the above assumptions hold. Consider a conjugate
gradient algorithm in which, for all k > 0, the search direction dy is a descent
direction and the steplength «y, is determined by the Wolfe line search conditions. If

1
= 00, (29)
2 A =

k>0

then the algorithm converges in the sense that
liminf ||g¢|| = 0. (30)
k—o00

For uniformly convex functions we can prove that the norm of the direction dj4
computed as in (28) with (27) is bounded above. Therefore, by proposition 3.1 we
can prove the following result.

Theorem 3.1. Suppose that the assumptions (i) and (ii) hold. Consider the algo-
rithm NADCG where the search direction dy. is given by (28) and wy is computed
as in (27). Suppose that d; is a descent direction and oy, is computed by the strong
Wolfe line search. Suppose that f is a uniformly convex function on S i.e. there exists
a constant ) > 0 such that

(VF () = V) (x=y) = pllx—ylI* @31
forallx,y € N. Then
lim gl = 0. (32)

Proof. From Lipschitz continuity we have||yi|| < L|sx| - On the other hand, from
uniform convexity it follows that y! s > fu|sk |%. Now, from (27)

L
o = 2ve 1l o sl oy o

lIsell — [Isx |l
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On the other hand, from (28) we have

]yk gk+1}

k

| k8k+1’ Is ‘ kgk+1} el

ldi+1ll < llga1ll + sill + o kll +

I ||s sl I |s sl I
B U L Y B | LY Ea EY R A T Y
lsell? llsell? sl

LT r
<T +2— 42LV7T—1—,
0 I

showing that (29) is true. By proposition 3.1 it follows that (30) is true, which for
uniformly convex functions is equivalent to (32). B

4 Numerical Results and Comparisons

The NADCG algorithm was implemented in double precision Fortran using loop
unrolling of depth 5 and compiled with 77 (default compiler settings) and run on a
Workstation Intel Pentium 4 with 1.8 GHz. We selected a number of 80 large-scale
unconstrained optimization test functions in generalized or extended form presented
in [2]. For each test function we have considered 10 numerical experiments with
the number of variables increasing as n = 1000, 2000, . .., 10000. The algorithm
uses the Wolfe line search conditions with cubic interpolation, p = 0.0001, o =
0.8 and the same stopping criterion [|gi[l,, < 107° where ||| is the maximum
absolute component of a vector.

Since, CG-DESCENT [19] is among the best nonlinear conjugate gradient algo-
rithms proposed in the literature, but not necessarily the best, in the following we
compare our algorithm NADCG versus CG-DESCENT. The algorithms we compare
in these numerical experiments find local solutions. Therefore, the comparisons of
algorithms are given in the following context. Let f:“'and fA¢? be the optimal
value found by ALG1 and ALG2, for problem i = 1,...,800, respectively. We
say that, in the particular problem i, the performance of ALG1 was better than the
performance of ALG?2 if:

”fiALGl —f;.ALGZ H < 10—3 (33)

and the number of iterations (#iter), or the number of function-gradient evalua-
tions (#fg), or the CPU time of ALG1 was less than the number of iterations, or the
number of function-gradient evaluations, or the CPU time corresponding to ALG2,
respectively.

Figure 1 shows the Dolan-Moré’s performance profiles subject to CPU time
metric for different values of parameter 7. Form Fig. 1, for example forr = 2,
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1 1
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0.95 tau=2 0.95 tau=3
0.9 "CG-DESCENT - 09t " 'CG-DESCENT
0.85 1 08 |[.
& NADCG CG-DESCENT = ; NADCG CG-DESCENT =
0.8 #iter 631 88 52 j 0.8+t #iter 631 86 54
#fg 483 249 39 #fg 479 251 41
263 213 295
0.75 cpu 0.75 - cpu 266 217 288
0.7 CPU time metric, 771 problems 1 071 CPU time metric, 771 problems
0.65 - 0.65 —*
o 2 4 6 8 10 12 14 16 o 2 4 6 8 10 12 14 16
1 1 -
0.95 NADCG tau=t | 095 NADCG e s
0.9 .+ CG-DESCENT 1 09t " CG-DESCENT
0.85 1 085f
S NADCG CG-DESCENT = NADCG CG-DESCENT =
0.8 #iter 628 87 56 . 0.8 - #iter 632 85 55
: #fg 477 253 41 : #fg 471 263 38
cpu 263 219 289 cpu 257 225 290
0.75 0.75 +
0.7 CPU time metric, 771 problems 0.7 + CPU time metric, 772 problems
0.65 — 0.65
o 2 4 6 8 10 12 14 16 o 2 4 6 8 10 12 14 16
1 1r .
NADCG NAD
0.95 tau=10 0.95 - OO oeiee tau=100 -
0.9 .+ CG-DESCENT 1 o9l .+ CG-DESCENT
0.85 085+ [
NADCG CG-DESCENT = NADCG CG-DESCENT =
0.8 #iter 634 82 53 - 0.8 - #iter 627 89 55
#fg 468 259 42 #fg 468 264 39
0.75 cpu 263 224 282 0.75 cpu 261 230 280
0.7 4 0.7 .
CPU time metric, 769 problems H CPU time metric, 771 problems
0.65 L~ . . . . 0.65 — —
0o 2 4 6 8 10 12 14 16 0O 2 4 6 8 10 12 14 16

Fig. 1 NADCG versus CG-DESCENT for different values of ©

comparing NADCG versus CG-DESCENT with Wolfe line search (version 1.4),
subject to the number of iterations, we see that NADCG was better in 631 problems
(i.e. it achieved the minimum number of iterations for solving 631 problems),
CG-DESCENT was better in 88 problems and they achieved the same number of
iterations in 52 problems, etc. Out of 800 problems, we considered in this numerical
study, only for 771 problems does the criterion (33) hold. From Fig. 1 we see that
for different values of the parametert NADCG algorithm has similar performances



A New Adaptive Conjugate Gradient Algorithm 13

versus CG-DESCENT. Therefore, in comparison with CG-DESCENT, on average,
NADCG appears to generate the best search direction and the best step-length. We
see that this very simple adaptive scheme lead us to a conjugate gradient algorithm
which substantially outperform the CG-DESCENT, being way more efficient and
more robust.

From Fig. 1 we see that NADCG algorithm is very little sensitive to the values of
the parameter t. In fact, for a; > 7, from (28) we get:

ody1 1 Iyl sg 8t

= - Sk>
dt V=T lIsell yise

where © > 1. Therefore, since the gradient of the function f is Lipschitz
continuous and the quantitys; gi+1is going to zero it follows that along the iterations
ddi+1/07 tends to zero, showing that along the iterations the search direction is less
and less sensitive subject to the value of the parameter t. For uniformly convex
functions, using the assumptions from Sect. 3 we get:

(34)

_ 1oL
T V=1 u

Therefore, for example, for larger values of t the variation of di4+; subject to t
decreases showing that the NADCG algorithm is very little sensitive to the values
of the parameter t. This is illustrated in Fig. 1 where the performance profiles have
the same allure for different values of t.

In the following, in the second set of numerical experiments, we present
comparisons between NADCG and CG-DESCENT conjugate gradient algorithms
for solving some applications from the MINPACK-2 test problem collection [4]. In
Table 1 we present these applications, as well as the values of their parameters.

The infinite-dimensional version of these problems is transformed into a finite
element approximation by triangulation. Thus a finite-dimensional minimization
problem is obtained whose variables are the values of the piecewise linear function
at the vertices of the triangulation. The discretization steps are nx = 1,000 and
ny = 1,000, thus obtaining minimization problems with 1,000,000 variables. A
comparison between NADCG (Powell restart criterion, || Vf(x:) [, < 107%, p =
0.0001,0 = 0.8, T = 2) and CG-DESCENT (version 1.4, Wolfe line search, default
settings, || Vf(x)|lo < 107°) for solving these applications is given in Table 2.

” Od+1 (35)

ot

Table 1 Applications from the MINPACK-2 collection

Al | Elastic—plastic torsion [16, pp. 41-55], ¢ = 5

A2 | Pressure distribution in a journal bearing [9], b = 10, ¢ = 0.1
A3 | Optimal design with composite materials [17], A = 0.008

A4 | Steady-state combustion [3, pp. 292-299], [8],A = 5

A5 | Minimal surfaces with Enneper conditions [25, pp. 80-85]
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Table 2 Performance of NADCG versus CG-DESCENT

NADCG CG-DESCENT

#iter #fg cpu #iter #fg cpu
Al 1111 2253 352.14 1145 2291 474.64
A2 2845 5718 1136.67 3370 6741 1835.51
A3 4270 8573 | 2497.35 4814 9630 3949.71
A4 1413 2864 | 2098.74 1802 3605 3786.25
A5 1548 3116 695.59 1225 2451 753.75

TOTAL | 11187 22524 6780.49 | 12356 24718 10799.86
1,000,000 variables. CPU seconds

From Table 2, we see that, subject to the CPU time metric, the NADCG algorithm
is top performer and the difference is significant, about 4019.37 s for solving all
these five applications.

The NADCG and CG-DESCENT algorithms (and codes) are different in many
respects. Since both of them use the Wolfe line search (however, implemented in
different manners), these algorithms mainly differ in their choice of the search
direction. The search direction di; given by (27) and (28) used in NADCG is
more elaborate: it is adaptive in the sense to cluster the eigenvalues of the matrix
defining it and it satisfies both the descent condition and the conjugacy condition in
a restart environment.

5 Conclusions

An adaptive conjugate gradient algorithm has been presented. The idea of this
paper is to compute the search direction as the sum of the negative gradient and an
arbitrary vector which was determined by minimizing the quadratic approximation
of objective function at the current point. The solution of this quadratic minimization
problem is a function of the inverse Hessian. In this paper we introduce a special
expression of the inverse Hessian of the objective function which depends by
a positive parameter wy. For any positive values of this parameter the search
direction satisfies both the sufficient descent condition and the Dai-Liao’s conjugacy
condition. Thus, the algorithm is a conjugate gradient one. The parameter in the
search direction is determined in an adaptive manner, by clustering the spectrum of
the matrix defining the search direction. This idea is taken from the linear conjugate
gradient, where clustering the eigenvalues of the matrix is very benefic subject to
the convergence. Mainly, in our nonlinear case, clustering the eigenvalues reduces
to determine the value of the parameter w; to minimize the largest eigenvalue of
the matrix. The adaptive computation of the parameter wy in the search direction is
subject to a positive constant which has a very little impact on the performances
of our algorithm. The steplength is computed using the classical Wolfe line
search conditions with a special initialization. In order to improve the reducing
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the values of the objective function to be minimized an acceleration scheme is
used. For uniformly convex functions, under classical assumptions, the algorithm
is globally convergent. Thus, we get an accelerated adaptive conjugate gradient
algorithm. Numerical experiments and intensive comparisons using 800 uncon-
strained optimization problems of different dimensions and complexity proved that
this adaptive conjugate gradient algorithm is way more efficient and more robust
than CG-DESCENT algorithm. In an effort to see the performances of this adaptive
conjugate gradient we solved five large-scale nonlinear optimization applications
from MINPACK-2 collection, up to 10 variables, showing that NADCG is obvious
more efficient and more robust than CG-DESCENT.
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On Methods of Terminal Control with
Boundary-Value Problems: Lagrange Approach

Anatoly Antipin and Elena Khoroshilova

Abstract A dynamic model of terminal control with boundary value problems
in the form of convex programming is considered. The solutions to these finite-
dimensional problems define implicitly initial and terminal conditions at the ends of
time interval at which the controlled dynamics develops. The model describes a real
situation when an object needs to be transferred from one state to another. Based
on the Lagrange formalism, the model is considered as a saddle-point controlled
dynamical problem formulated in a Hilbert space. Iterative saddle-point method
has been proposed for solving it. We prove the convergence of the method to
saddle-point solution in all its components: weak convergence—in controls, strong
convergence—in phase and conjugate trajectories, and terminal variables.

Keywords Terminal control ¢ Boundary values problems e Controllability e
Lagrange function ¢ Saddle-point method ¢ Convergence

1 Introduction

Terminal control problem is considered in this article. The problem consists of
two main components in the form of linear controlled dynamics and two finite-
dimensional convex boundary value problems. The problem consists in choosing
such a control that the corresponding phase trajectory (the solution of differential
equation) is to connect the solutions of two boundary value problems, which are
tied to the ends of the time interval. The terminal control problem can be viewed
as a generalization of one of the main problems in the controllability theory for the
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case where the boundary conditions are defined implicitly as solutions of convex
programming problems. Such models have countless varieties of applications.

To solve this problem, we propose an iterative process of the saddle-point type,
and its convergence to the solution of the problem is proved. This solution includes
the following components: optimal control, optimal phase trajectory, conjugate
trajectory, and solutions of terminal boundary value problems. The method of
solving as an iterative process builds sequences of controls, trajectories, conjugate
trajectories, and similar sequences in terminal spaces. Here, the subtlety of the
situation is that trajectories are expected to tie the solutions of boundary value
problems. To achieve this, we organize special (additional) finite-dimensional
iterative process at the ends of time interval. These iterative processes in finite-
dimensional spaces ensure the convergence to terminal solutions.

The proposed approach [2-12, 17, 18] is considered in the framework of the
Lagrange formalism in contrast to the Hamilton formalism, the top of which is
the Pontryagin maximum principle. Although the Lagrange approach assumes the
convexity of problems, this assumption is not dominant fact, since the class of
problems to be solved remains quite extensive. This class includes problems with
linear controlled dynamics and convex integral and terminal objective functions.
Furthermore, the idea of linearization significantly reduce the pressure of convexity.
The class of possible models is greatly enriched by the use of different kinds of
boundary value problems. The proposed method is based on a saddle-point structure
of the problem, and converges to the solution of the problem as to a saddle point
of the Lagrange function. The convergence of iterative process to the solution is
proved. Namely, the convergence in controls is weak, but the convergence in other
components of the solution is strong. Other approaches are shown in [22, 23].

2 Problem Statement

Consider a boundary value problem of optimal control on a fixed time interval [fy, #;]
with a movable right end. Dynamics of controllable trajectories x(-) is described by
a linear system of ordinary differential equations

Ca) = DOXO) + BOUD. <=1,

where D(t), B(¢) are n X n, n X r continuous matrices (r < n). Controls u(-) € U are
assumed to be bounded in the norm L)

1
U= Ju(’) € Lylto, t1] | 5”“(‘)“%; <C.

While controls are taking all admissible values from U, the ODE system for a given
xo = x(fp) generates a set of trajectories x(-), the right ends x; = x(¢;) of which
describe the attainability set X(¢;) C R".
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Any function x(:) € L}[to, 1] satisfying this system for almost all ¢ € [to, #;] can
be considered as a solution. In particular, it may occur that the Cantor staircase
function (see [19, p. 361]), which is not an absolutely continuous function, is
a solution. This function is differentiable almost everywhere, but it cannot be
recovered from its derivative. Therefore, instead of examining differential system on
the entire space of trajectories x(-) € L}[#, #;], we restrict ourselves to its subset of
absolutely continuous functions [19]. Every absolutely continuous function satisfies
the identity

x(t) = x(t) + / (D(7)x(t) + B(v)u(r))dr, ty<t=<t.

fo

It is shown in [26, Book 2, p. 443] that a unique trajectory x(-) is associated with
any control u(-) € U C Li[t, 1] in the above system of equations. The class of
absolutely continuous functions forms a linear variety that is everywhere dense in
L’[#o, t;]. We denote this linear variety by AC"[to, #;]. Its closure is AC [to, 11] =
L’ [#o, t:]. The Newton-Leibniz formula and the integration-by-parts formula hold
for every pair of functions x(-), u(-) € AC"[ty, ;] x U.!

In applications, a control u(-) is often a piecewise continuous function. The
presence of jump points in control u(-) has no effect on trajectory x(-). Moreover, this
trajectory will not change even if we change the values of u(-) on a set of measure
Zero.

Now we are ready to formulate the problem. Namely, we need to find the initial
value xj and control function u*(-) € U such that the corresponding trajectory x*(-),
being the solution of the differential system, starts from the point x; at the left end
of the time interval and comes to the point x*(#;) at the right end:

.)CE‘)< € Argmin{goo(xo) | Aoxg < ap, xo € Rn},

(x*(tl),x*(-), u*()) (S Argmin{q)l (X([])) | A]X([]) <a, X(l‘]) € X([]) C Rn,

a0 = DO + BOWD),  x(w) = x5, €)= (1),

x(-) € AC"[to, 1], u(-) € UY.

I'Scalar products and norms are defined, respectively, as
n 1
(00 = [ 600 o = [P
10 1o
where (x(t).y(0) = Y _xi(0yi(1). kO =Y 220, 10 <r=<m,
1 1

x(1) = (1 (0). ... x0T y(@0) = (1), ... ya()"
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Here Ap, A| are constant m X n-matrices (m < n); ay, a; are given m-vectors; scalar
functions ¢y (xp), ¢1(x]) are convex and differentiable with gradients satisfying the
Lipschitz condition.

In the convex case, optimization problems for ¢y(xy) and ¢;(x;) are equivalent
to variational inequalities (Vo (x7), x5 — xo0) < 0 and (Vo (x]),x] —x1) < 0. As
a result of linearization, the original problem is reduced to the following equivalent
problem:

x5 € Argmin{(Veo(x]), x0) | Aoxo < ao, xo € R"}, )

(8 (1,670, () € Argmin (Ve (& (1)), x(1) | Anx(a) < a,
x(t;) € X(t;) CR", ()
D) = DO + BOWO). x(w) =55, ) = @), O
X() € AC'Ty. 1. () € U}, @

It is proved that the solution (xj,x*(t1),x*(-), u*(:)) € R* x R* x Li[to, #;] x U of
the problem exists [26]. We focus once again that the symbol x(#;) denotes the right
end of the phase trajectory x(¢), i.e., the element of reachability set. Classical linear
controlled systems for dynamics were studied in [24].

3 Classic Lagrangian for Original Problem

The considered problem is a terminal control problem formulated in the Hilbert
space. As we know, in convex programming theory for finite-dimensional spaces,
there is always a dual problem in the dual (conjugate) space, corresponding to
the primal problem. Through appropriate analogy, we will try to get explicit dual
problem for (1)—(4) in the functional spaces. To this end, we scalarize systems and
introduce a linear convolution known as the Lagrangian:

L (x0,x(11), x(-), u(): po. p1. ¥ () = (Vo(xg). x0) + (Vi (x* (1)), x(11))
+{po,Aoxo — ao) + (p1,A1x(t)) —a1)  (5)

+ /m ! (¥ (1), D(t)x(t) + B(t)u(t) — %x(t))dt

for all (xo, x(¢1), x(), u(-)) € R" x R" x AC"[ty, 1] X U, (po, p1, ¥ (-)) € R X R x
Wi [to, 11].> Here Wy [to, 11] is a linear variety of absolutely continuous functions from
the conjugate space. This set is everywhere dense in L[z, 1], i.e., 910, 1] =
Lg [[(), l‘]].

2For simplicity, the positive orthant R’} hereinafter will also be referred to p > 0.
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Saddle point (x* (%), x*(t1),x*(-), u*(-): py.pT. ¥*(-)) of the Lagrange function
is formed by primal (x* (), x*(#1),x*(-), u*(-)) and dual (p§, p, ¥ *()) variables,
the first of which is a solution of (1)-(4). By definition, the saddle point satisfies the
system of inequalities

(Voo(x3), x5) + (Veor(x™ (1)), x* (1)) + (po. Aoxg — ao) + (p1,Aix™ (1) — ay)

+ /to ! (v (1), D()x* (1) + B(t)u™(t) — %x* (t))dt
< (Veoo(xp),x5) + (Vo1 (x*(t1)),x*(t1)) + (p5. Aoxy — ao)

A (1) — ar) + / (0 (6). DOX* (1) + Bty (1)

fo

d
—EX*(f))dt < (Veo(x3),x0) + (Vi1 (x* (1)), x(11))

n

(0 Aoxo — a0) + (P Ax(t) — ar) + / (0 (6. D(Ox(1)

fo

+B(t)u(t) — ai'tx(t»dt (6)

for all (xo, x(21), x(-), u(-)) € R" x R" x AC"[ty, 1] X U, (po, p1, ¥ (-)) € R X R x
v [to, 1]

According to the Kuhn-Tucker theorem, but for functional spaces, we can say
that if the original problem (1)—(4) has primal and dual solutions, they form a
saddle point for the Lagrangian. It was shown that the converse is also true: a saddle
point of the Lagrange function (5) contains primal and dual solutions of the original
problem (1)—(4).

In fact, the left-hand inequality of (6) is a problem of maximizing the linear
function in variables (po, p1, ¥ (-)) on the whole space R”y x Rl x ¥]'[to, 11]:

(po — Py Aoxy —ao) + (p1 —pi . A1X" (1) —a1)

+ / (W (0) — 9 (6. DO (1) + B(Hyu™ (1)
S0 <0, )
where (po, p1, ¥ (1)) € R} x R x W1y, t1]. From (7), we have

(Po —pg.Aoxy —ao) <0, (p1—pl Aix*(t1) —a1) <0, (8)

/ O~ 9 0. DOX O + B () — 5 )i <0 ©)
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for all (po,p1. ¥ (-)) € R x R x W][t, t1]. Putting po = 0 and po = 2py in the
first inequality of (8); pi = 0 and p; = 2p} in the second inequality of (8), and
¥ () = 0 and ¥ (r) = 2¢*(¢) in (9), we obtain the system

(pa‘,ong — a()) =0, on(’; —ay <0,
(pT,Alx*(tl)—al) =0, Alx*(tl)—al <0,
d
D()x* (1) + B()u™(t) — Ex* (1) =0, x*(to) = x7. (10)

The right-hand inequality of (6) is a problem of minimizing the Lagrangian in
variables (xo, x1, x(-), u(-)) with fixed values of py = pj, p1 = pi, ¥ () = ¥* ().
Show below that the set of primal variables from (x7,x*(#1),x*(:), u*("); pg. P},
¥*(-)) is the solution of (1)—(4). Indeed, in view of (10), from the right-hand
inequality of (6), we have

(Voo(x3). x5) + (Vor(x*(11)). x* (11))
< (Voo(xg). x0) + (Vo1 (x* (1)), x(11))

+ (py.Aoxo — ao) + (pT. A1x(t)) — ar)

dtx(t))dt (11)

4 / " (W (0. DOx(®) + Bou(e) — ¢

fo

for all (X(),X([l),x('), u()) € R" x R" x AC”[I(), l]] x U.
Considering the inequality (11) under additional scalar constraints

Py Aoxo —ag) <0, {(pT,A1x(t;) —a;) <0,
(12)

S (1), DOx(0) + B(u(r) — x(0))dr = 0,
we obtain the optimization problem
(Voo(x3). x5) + (Vo (x* (1)), x* (1)) < (Vo(xg). x0) + (Ve (x* (1)), x(11)).
But from (10) we see that the solution (x*(), u*(-)) belongs to a narrower set
than (12) . Therefore, this point is also a minimum on a subset of solutions of the

system (12), i.e.,

(Voo(xp), x5) + (Vo1 (" (1)), x* (1)) < (Vo(xg), xo0) + (Vi (x* (1)), x(t1)),
AQXQ —ap < 0, Alx(tl) —a; < 0, (13)

%x(z) = D(t)x(t) + B(t)u(t) (14)

for all (xg,x(t1), x(+), u(-)) € R" x R" x AC"[to, t;] x U.
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Thus, if the Lagrangian (5) has a saddle point then primal components of this
point form the solution of (1)—(4), and therefore of the original problem of convex
programming in infinite-dimensional space.

4 Dual Lagrangian for Dual Problem

Show how the Lagrangian in linear dynamic problems provides a dual problem
in dual (conjugate) space. Using formulas for the transition to conjugate linear
operators

(Po. Aoxo) = (Agpo. Xo). (p1.A1x1) = (Alp1.x1),
(¥ (1), D(O)x(1)) = (D" ()Y (1), x(1)),
(¥ (1), B(Ou(r)) = (BY ()¢ (1), u(r)),

and the integration-by-parts formula on the interval [f, ]

(¥ (1), x(11)) = (¥ (10), x(10))
= [ (Gv (@), x(@)di + [, (Y (1), $x(0))d,

we write out the dual Lagrangian to (5):

LY Po,p1. ¥ ()i x0. x(t1). (), u(-)) = (Veo(xg) + Agpo + Vo, Xo)
+ (Vo1 (x*(11)) + ATp1 — Y1, x(11))

 (—po.ao) + (—proar) + / DT ()

4]

d d
+ L0030+ [ B w0, a0l

fo

15)

for all (po.p1.¥(-)) € R x RY x W[ty, t1], (x0.x(t1),x(-),u(-)) € R" x R"x
ACn[l‘(), tl] x U, where Ir//0 = W(IO)v WI = 1r//(tl)'

Primal and dual Lagrangians (5) and (15) have the same saddle points (xg, x* (1),
x* (), u*(); pg, Y, ¥* (). These saddle points satisfy the saddle-point system (6),
the dual version of which has the form

(Voo(xg) + Agpo + Yo, x5) + (Vi (x* (1)) + ATp1 — Y1, x*(11))
+(=po. ao) + (—p1.a1)
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1

+/totl (D' (Y (1) + %w(t),x*(,))dﬂr/ B0y (1), ()

t
< (Voo(x) + Alps + 5. x5) + (Vo (X (1)) + ATpT — v, x* (1))
+{(—p§. ao) + (—p}. a1)

3l

+ [T 0w 0+ S 0. O+ [ BT Ow . )

0] )
< (Voo(xg) + Agps + ¥ x0) + (Ve (x* (1)) + ATpf — ¥ x(t))
+{(—pg. ao) + (—p}.a1)

n

n

+ [0 0w o+ Lot [ Eovo.ua
0 10

for all (xo, x(¢1), x(-), u(-)) € R" x R" x AC"[ty, 1] X U, (po, p1, ¥ (-)) € R xR x

Vo, 11].

Repeat now the same transformations that were carried out in the previous
paragraph. It was shown there that the saddle-point system leads to the original
problem. In a similar way, we will get the dual problem. From the right-hand
inequality of (16), we have

(Voo(x3) + Agpy + Vg xg — Xo) + (Ver (6 (11)) + ATpy — ¥, x* (1) — x(11))

+ [0 0 + G000 — o)

fo

+f "B (), 4 () — u(0)dr < 0

for all (xg,x(t1), x(+), u(-)) € R" x R" x AC"[to, t;] x U.

Since the variables (xg,x(t;),x(-),u(-)) independently vary (each within its
admissible subspace or set), the last inequality is decomposed into four independent
inequalities

(Voo (xy) + Agpy + Vg x5 —x0) <0, xo €R",
(Vo1 (x* (1)) + Ajp} — . x* (1) —x(t1)) <0, x; €R",

/ l(DT(t)w*(t) + %w*(t),x*(t) —x(0))dt <0, x(-) € AC"[1p, t1],

fo

f tl (BT ()Y * (1), u* (1) — u(r))dt <0, u(-) € U.

It is well known that a linear functional reaches a finite extremum on the whole
subspace only when its gradient vanishes. So, we come to the system of problems
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Vo (x3) +Agpg + g =0,

d
D' (Y™ (1) + V0 =0, Vo (' (1)) +AIpT — ¥ =0,

/tl (BT(I)W*(I), u*(t) —u(®))dt <0, Yu() e U.

Given (17) and (18), we rewrite the left-hand inequality (16) in the form

(Voo(x3) + Ajpo + Yo.xg) + (Ve (5" (1)) + Al p1 — Y1, x*(11))
+(=po, ao) + (—p1.a1)

+ / (DY (1) + %w(r),x* (0))dr + f (BT (1), u* (1))

n

< (—ptao) + (—ptiar) + / (B (0)y* (0.1 (1))

fo

Considering this inequality under performing scalar constraints

(Vopolxg) +Agpo + Vo.x5) =0, (Vo (x* (1)) + Alpr — Y. x*(11)) =

/ (DO + v 0. )i =0

we arrive at the problem of maximization for scalar function

(—po.ao) + (—pr.ar) + / BT (1) (1))

1o
n

< (—ptao) + (—ptar) + [ (B Ov* (0.1 ()

fo

where (po,p1, ¥ () € R X R} x W]ty t].

Combining with (17)-(19), we get the dual with respect to (1)—(4) problem:

(py.pi- V™ () € Argmax {(—po.ao) + (—p1.a1)
4 / B9 1), (1)t |

Veo(xy) + Agpo + Yo = 0, (po.p1. ¥ () € R xR x W1, 1],

d
DYV @) + v (1) =0. Y1 = Vi () +Afpi

/tl (BT Y™ (1), u™ (1) —u(0)dt < 0, u(-) € U.

fo
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S Mutually Dual Problems

Write out together a pair of mutually dual problems.
The primal problem:

(g, X" (1), X7 (), u™ (-)) € Argmin{(Vo (x5). x0) + (Vo1 (x™(11)), x(11)) |

Agxg < ag, A1x(t;) < a1, (xo,x(t1)) € R" xR",
C20) = DY) + BOWG), x(i0) = 55, x(1) = x*(0)
x(-) € AC"[tg, t1], u(:) € U}.
The dual problem:
(o p1-¥™* () € Argmax{(—po,ao) + (—p1.a1)

4 / BT O (1), () |

4]

Veo(x3) +Agpo + Yo =0, (po,p1) € R X RT, ¥ () € Wlto, 1],

d
DY@y + —v(@) =0, y1 = Ve (" (1) + A1},

/ tl (B"(0)y* (1), u* (1) — u(t))dt <0, u() € U.

4]

If this system is not dynamic, it takes the form of primal and dual problems
known in the finite-dimensional optimization:

(5. x7) € Argmin{(Vgo(x5). Xo) + (Vi1 (x* (1)), x(11)) |
Aoxp < ay, A]X(ll) <ai, ()Co,x(tl) e R" x R"},
(P, pT) € Argmax{(—po,ao) + (—p1,a1) | Veo(x§) + Alpo = 0,
V(pl(x*(tl)) +ATp1 =0, (po,p1) € R’_’f_ X RV_T_}

Primal and dual problems (separately or together) can serve as a basis for the
development of a whole family of methods for computing the saddle points of
the primal or dual Lagrange functions [2-8, 27]. It is possible to construct saddle-
point methods, which will converge monotonically in norm to the saddle points of
Lagrangians. With regard to initial boundary value problems of terminal control it
will mean weak convergence in controls, and strong convergence in trajectories,
dual trajectories and terminal variables.

In this paper, we consider an iterative process for solving the boundary-value
differential system. On the one hand, this process will be obtained from the saddle-
point inequalities. On the other hand, it will be close to a differential system, derived
from the integral form of the Pontryagin maximum principle.



On Methods of Terminal Control with Boundary-Value Problems: Lagrange Approach 27
6 Boundary-Value Dynamic Controlled System

Now we unite together the left-hand inequality of the saddle-point system (6)
(for the classical Lagrangian) and the right-hand inequality of the saddle-point
system (16) (for the dual Lagrangian). Subsystems (10), (12), (18), (19) and (17)
were obtained as consequences of these systems. Writing them here, we arrive at
the following boundary-value dynamic controlled system:

C 0 = DO () + BOW (0. x*1) = ) 24)

(po — p3 Aoxs —a0) <0, po = 0, (5)

{p1 =Pl Aix*(t1) —a1) <0, p; =0, (26)

SV DT OUT 0 = 0. YT = Vel ) +ATpT, @n
/ BT 00,4 — u)dr <0, u() € U, 8)
Vo) +Agpy + v = 0. (29)

Variational inequalities of the system can be rewritten in equivalent form of operator
equations with operators of projection onto the corresponding convex closed sets.
Then we obtain the following system of differential and operator equations:

%x* (1) = D()x*(t) + B(t)u™ (1), x*(to) = x3. (30)

Py = 14 (pg + a(Aoxg — ao)), (31)

Pt = 7 (pf + @(Aix* () — an)), (32)

SY O+ DY =0, YT = Ve @) + ATpf. ()
W (1) = my (™ () — aB (Y™ (1)), (34)

x; = x5 —a(Voo(xy) +Agpg + ¥3), (35)

where 74 (+), 7y (+) are projection operators onto the positive orthant R} and the set
of controls U, o > 0.
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7 Saddle-Point Method for Solving Boundary Value
Controlled System

Construct now an iterative process based on the system (30)—(35). Suppose that the
values of dual variables p’é, p’f, the initial value x’(g of trajectory, and the control
u*(-) € U are known on the k-th iteration. Describe below how to find the values of
these variables on the next iteration. Formally, the process is as follows (parameter
a > 0 characterizes the value of iteration step):

%xk(t) = D)X (1) + B(t)u* (1), (1) = b, (36)

pot! = 7 (g + e(Aoxg — o)), (37)

Pt = 7 (o} + a(Ad (1) — ), (38)

SUR0 + DTV = 0. vt = Vo) + AT, (9)
W) = 7y (1) — aBT ()Y (1)), (40)

X = — (Voo (k) + AlpE + v, k=0,1,2... 1)

Here, using the initial value x’(j and control #*(-), we solve the differential equa-
tion (36) and find the trajectory x*(-). Then, using p& and x£, we calculate p{™!
from (37). Finding x¥ = x*(1)|,=,, and using p¥, we can then determine p**" in (38).
With p'f and x]f we calculate the terminal value 1//{< , and find the conjugate trajectory
¥*(t) on the whole interval from the differential system (39). Further, using u*(-)
together with ¥*(-) we define #**'(-) from (40). Finally, calculating y§ = y*(1o)
and taking into account x£, pk, we define x{ ! from (41).

The process (36)—(41) refers to methods of simple iteration and is the simplest of
the known computational processes. For strictly contraction mappings this process
converges at a geometric rate. However, in the case of saddle-point object the
simple iteration method does not converge to the saddle point (only their analogues
in optimization—the gradient projection methods—are converging). Therefore, to
solve the saddle-point problem we use the saddle-point extragradient approach
developed in [1, 21]. Other gradient-type approaches have been investigated by
many authors [13, 14, 16, 25]. As for variational inequalities, we can point to
[15, 20].

The proposed method for solving the problem (1)—(2) is a controlled pro-
cess (36)—(41), each iteration of which breaks down into two half-steps, providing
convergence. Formulas of this iterative method are as follows:
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1. the predictive half-step
d k k k k
E)/((t) = DO (1) + B(uk (1), (1) = x5,

Po = 74 (pg + a(Aoxg — ap)),

Pt = 74 (b + (A1 (n) —an)),
ditwk(t) + DO = 0. k= Vo (n)) + ATH,
i (1) = 7yt (1) — aB" () Y* (1)),
X = X0 — (Vo (x5) + Agpo + Vo)
2. the basic half-step
%xk(;) = DO (1) + Bty (1), (1) = &,
pot =7 (P + Ao — ao)).
P = e+ e R (1) — a))),
ditlpk(t) +D ()Pt 1) = 0, ¥k = Vo (1)) + ATHE

W) = (1) — aBT (0P (),

A = b — a(Voo () + ApE + 98, k=0,1,2...

29

(42)

(43)

(44)

(45)

(46)

(47)

(48)

(49)

(50)

(5D

(52)

(53)

At each half-step, two differential equations are solved, and an iterative step in
controls, trajectories, conjugate trajectories, initial values and finite-dimensional

dual variables is implemented.

From formulas of this process we can see that differential equations ({2), (48)
and (45), (51) are only used to calculate functions x*(¢), X*(r) and ¥*(¢), ¥*(¢), so

the process can be rewritten in a more compact form
—k k k
Po = 7+ (py + a(Aoxy — ao)).
k+1 k —k
pet = my (Pl + a(Aoky — ap)),

Py =m0} + a(Ax (1) — ar)),

(54)
(35)

(56)
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Pt = m (o + e (1) —an)), (57)
iW(1) = wy (1) — aB (Y (1)), (58)
W) = 7y (1) — aB" ()Y (1)), (59)
x5 = x6 — a (Voo (x) + Agp + ¥5)» (60)
T = xb — (Voo (F) + Agph + ). 1)

where x(-), ¥ (), ¥*(-) and ¥*(-) are calculated in (42), (48), (45) and (51).
For auxiliary estimates required further to prove the convergence of the method,
we present operator equations (54)—(61) in the form of variational inequalities

(P§ — P — a(Aox — ag). po — Bg) = 0. (62)

AL pE — (A%, — ao), po — pEt!) > 0, (63)

(Pt — Pk — a(A1x* (1) — ar).pr — pt) > 0, (64)

P = ph — (a3 () —ar), pr — P > 0, (65)

/ (@0 — 1) + BT OV 0, ule) — 7 (1) = 0, (66)

/ ") = i (1) + aBT O 1), () — P ()t = 0, (67)
(x6 — xb + (Vo (xg) + Agps + ¥¢). x0 — Xp) = 0, (68)

(5t —xb + (Vo () + AJpG + ¥g). xo — x5 ') = 0 (69)

for all pg € R, p; € R, u(-) € U, xo € R". The inequalities (62)—(69) leads to
estimates

56 —p6 ™| < | Aoll|x§ — X (70)
B} — Py < afl Al (1) — F (@), (71)

X6 —x6 '] < a(IVeo(x) — Veo (56| + [Ag (05 — pO)] + 1V — ¥
< a(Lolxt — Xl + 1A P — PGl + 196 — W) (72)

1) = Ol < @l BTO@ O = O < aBuall¥ O = ¥* 0N (73)

where Bnax = max||B(t)|| forall ¢ € [to, #1]; Lo is a Lipschitz constant for Vg (xo).
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1. To prove the theorem on convergence of the method we need two more estimates.
We mean estimates of deviations [x* (1) — X*(1)], [¥*(2) — ¥*(1)|, 1 € [t9, 1,], and
accordingly [x*(r;) —X* (1), [¢/F —yF|. By the linearity of the Eqgs. (42) and (48),
we have

d _ - _
E (@) = () = DO (1) = (1)) + B (1) — (1)),
*(tg) — ¥ (to) = xb — L.
Integrate the resulting equation from ¢, to ¢:

() — (1) — (F(t0) — F(t0)) =
_ / D)k () — F(e)dr + / ' Bo) (W (x) — (D)),

1o to
From last equation, we obtain the estimate

X (1) — X ()| < Dax / t Ix*(z) — ¥ (0)|dr

fo

B / (@) — (@)l + (o — 7). (74)

10

where Dyax = max |D(?)||, t € [to, t1]. Now we can apply the Gronwall lemma [26,
Book 1, p. 472] in the form: if 0 < ¢(f) < afl; @(t)dt + b then ¢(f) < be®1=1),
to <t < t;, where ¢(t) is continuous function, a,b > 0 are constants. Using this
lemma, we obtain from (74)

W (0) — ()] < Prsr= (Bmax / " @) — O\t + 1 fcé|) .

1o

Squaring and using the Cauchy-Bunyakovskii inequality, we find for every ¢

|xk(t) _ )_Ck(l)|2 < zeZDmax(tl —tp)

_ - (75)
X (Bhax (11 = 10) [l () = @ OI* + |x — %61°) -
Putting ¢+ = #; in (75), we obtain an estimate of terminal value deviations for
trajectories
k _ =k 2 < 2 2Dmax (11 —10)
|x (tl) X (tl)l = ze (76)

X (Bhax (t = 10) [u* () = #* Q> + |x5 = 51%) -

We have already mentioned that the differential system (3) produces a linear
single-valued mapping which assigns to each control u(-) the single trajectory x(-).
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Using the above-mentioned Gronwall lemma, one can show that a linear mapping is
bounded on any bounded set, i.e., continuous. Indeed, we write down the difference
between two linear equations (42) and (24):

d
= (& (1) —x*(1)) = D)X (1)) — x* (1) + B@) (" (1) — u* (1)),
*(to) — x*(t9) = x§ — x;.

Passing from this difference to analogue of (74), we have

(1) = 2% ()] < Do / W (0) — x* (0)]dx

10

31
B [ 0(0) = @l + s =)

to
Concluding these considerations, we obtain an estimate similar to (75):

|xk(t) —x* (l‘)|2 < 2e2Dmax(ll—f0)

77
x (B (11 — 1)) — w* () + | — 22 P). "

This means that the considered above linear operator transforms a bounded set of
controls and initial conditions in a bounded set of trajectories.

2. Finally, from (45), (51) we get similar estimates for conjugate trajectories

WD) — PO
C W0 —7H0) + DT OO — §He) =0 8)
where Y — P = Vi (4(10) — Vo (1)) + AT (o — ).
Integrate (78) from  to #,:
P-4 = [ DT 0w o - Fond+ vt - it
We have the following estimate

vh 0 =94 @1 = [IDTO@H@ = FO)lde + [ - | 79
< Duax J;" 1V4(0) = ¥*(1)]dt + b,

where t € [to,t1], b = |y¥ — ¢f|. Here we again use the Gronwall lemma
[26, Book 1, p. 472]: if 0 < ¢(t) < a /" ¢(1)d(t) + b then ¢(t) < be"1™",
to <t < t;, where @(¢) is a continuous function, a, b > 0 are constants. Based on
this statement, we obtain from (79)
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WH @) = PO < Pyt — i, (80)
Since the estimate (80) is true for all ¢ € [fy, #;], it holds, in particular, at r = #,:
Y — Vo1 < 00yt — P, @81)
For terminal values, we obtain from (45) and (51)
Yt =91l < Vo164 () = Ver X)) | + AT NP} = B
< Lil(n) = # @) + AT 11PY = pil.
or squaring,

Y1 = Vi < Ll () = F @] + 14Ty = P, (82)
where L, is a Lipschitz constant for Vg, (x(¢;)). Comparing (81) and (82), we obtain
W6 — Yol? < Pm =0 (L | (1) — X ()| + AT IIpY = PhI)?

< 22PN (LRI (1) — (1) P + AT P19} — B P). (83)
Substitute (82) in (80)
W @) = PH O < P L () = F @) + AT Iy = PhD?

and integrate this inequality from #; to #;:

||1/fk() - l}k()”z = (eZDmaX(tl_tO) - 1) /(2Dmax) ) (84)
X (Li[¥(r) = # @) + lAT 1Py — pil)”

Finally, it remains to prove the boundedness of conjugate trajectories. From (45)
and (33), we have

C W0~y @) + DO ¥ (1) = 0.

Proceeding in a similar way as was done with (78), we obtain an analogue of
estimation (84):

156 =y * Ol = (e2Pm70) — 1) /(2Dimax)

85
< (Lal (1) —x=(0)] + AT = p))2 ®)
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8 Proof of Method Convergence

We show below that process (42)—(53) converges in all the variables. Moreover, it
converges monotonically in the norm of the Cartesian product for some variables.

Theorem 1. Suppose the set of solutions (xj,x*(t1),x* (), u*(-):ps.pT. ¥ () to
the problem (30)—(35) is not empty and belongs to R" x R" x AC"[ty, ;] x U x
R} X R} x W[to, t1], the functions @o(xo), ¢1(x1) are differentiable with gradients
satisfying the Lipschitz condition, the step length « is chosen from 0 < a <

min (—, —_ =, =, —), where y; are determined in (104).3
Y1ty v vs’ s

Then the sequence {(x§, x*(1)), x*(-), uk(-);p](‘),p’f, Vk(-)} generated by (42)—(53)
contains a subsequence which converges to a solution of the problem in controls,
phase and conjugate trajectories, as well as to solutions of terminal problems at
both ends of the time interval. In particular, the sequence

{6 = x5 >+ 16 Q) = w* O + 16 = p5I* + 1P} = pi T}
decreases monotonically on the Cartesian product R" x Lj[to, ;] x R x R’}

Proof. The main efforts in the proof are focused on obtaining estimates |u*(r) —
u* (02, x5 — x& % |pk — pi|? and |p¥ — p¥|*. In our method, some of formulas
are written in the form of variational inequalities, while others are written in the
form of differential equations. So, for uniformity of reasoning we will also write the
differential equations in the form of variational inequalities.

1. Rewrite Eq. (51) as the variational inequality

(Vo1 (1) + A Y — vt x* (1) — X (1))

4 / DT ) + ST ()~ ()i = 0.

1

Similarly we proceed with (33):
—(Ver (™ (1)) + ATpT — ¥ x" () = ¥(n))

f d
- / DT 0 + S 0.5% )~ F ) = 0.

to

Sum together these inequalities
(Vo1& () = Vor (" (1)) + AT} = pT) = (01 =97 2" (0) = ¥ (1)

+ [0 0@ O = 0) + SO0 v )0 = F0)dr = 0.
(56)

3See below the proof of the theorem.
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Using the integration-by-parts formula
nd 1k * * -
(O =y (®).x (1) — (1))t
10

noo_ d
_ [ A0~ 970, 5 000~ H @)

1o

Ht =y 2 () = F 1) = (Vg — vigL x5 — Xo)s

we transform the differential term in the left-hand part of (86) (this transforma-
tion means the transition to the conjugate differential operator):

(Vo (1)) = T (6" ). (1) = 34 (0)
HATG, = p). 2 (1) = 0) = (0 = 72" (1) = # @)
# [0 - v 0. 006 0 - F0) - 600 - o
(T — Y (@) =R 0) = (95— 955 — ) 2 0.
Reducing similar terms and taking into account that the gradient of the convex

function ¢ (x) is a monotone operator, i.e., (V@i (y) — Voi(x),y — x) > 0,
Vx,y € R", we obtain

3|

(AT @Y —pD).x* (1) =7 (0)) +/ (Y () — ¥ (1), DO (" (1) — F(1)

d _
- 60 - X 0))dt — (Y — ¥ xg — %) = 0. (87)

2. Now, we get the inequality for the variable p;. To do this, we put p; = p’{“

in (64):
(P} —pt — @i () —a). Py = p) = 0.
Add and subtract o (A, x*(t;) — ay, prT! — pF):

@k =P P = Bh) + (A (1) — ar) — (At (1) — a)). T = )
—a (A (1) — a1, pT (1) = pf) = 0.

Using (71), we estimate the second term

@ —ph. o =)+ AL PR (1) —xF (1) P — e (Arx (1) —ar, ST =B > 0.
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Put p; = p} in (65):
P+ =phpt =P — e ) — anpf i) 2 0.
Add up these inequalities
e N T I A N

+2 A PR (0) = (0P = a (A3 (1) — ar pf = ) 2 0.

Assuming p; = p! in (26), we have
a{pf =Py Ax* (1) —ar) = 0.

Summarize the last two inequalities
(P =P P =B + T = phpt =P
+a? AP |F (1) — X (1) [P — (A1 (R (1) — x* (1)), p} — PY) = 0. (83)

We obtain a similar inequality for the variable py. To this end, we put py = p’é‘“

in (62):
(P — Pt — a(Aoxg — ao). pe* — pp) = 0.
Add and subtract a(AgX — ag, pit' — pk):
(B — po-po T — B + e ((AoXf — ag) — (Aoxs — ao). py ' — pg)
—ar({AoX; — ao. pp ! — o) = 0.
Using (70), we estimate the second term
(P6 = Po Pl = o) + Aol — X1 — @ (Ao¥g — a0 P — ) = 0.
Put py = p§ in (63):
ot —pheps =6 — a(AoXs —a0.pg —py ) 2 0.
Add up these inequalities

B6 —pb-po " —p6) + (06 —pb-ps —p6T)

-+ [[Ao|1*1%5 — x5 > — a(AoX§ — ao, p§ — ) > 0.
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Putting py = pf in (25), we get
* =k *
a(py — Po»Aoxg — ao) > 0.
Add up the last two inequalities
o6 — po-po T —po) + o™ —po.ps — ot
+o? Aol ?13 — x1” — (Ao (F — x5).p5 — o) = 0.
4. We summarize (88), (89) and (87), pre-multiplying the latter by o:
@t =t =) + ot =Pl i)
+(pb — pb-r T = pb) + 6T — b ps —p5T)
+a AP (0) =240 + @ Aol — x§I

—a(Ao(xh — x3). Py — Do) — (W — v x5 — %)

37

(89)

noo_ d
+a/ (WEO = Y™ (0, DO (1) = %(1) = — (" () =% (@) dr = 0.

4]

(90)

5. Consider now inequalities with respect to controls. Put u(-) = u*T'(-) in (66)

/ll (@ (1) — u* (1) + BT ()Y (), u (1) — (1)) dr = 0.

to

Add and subtract the term ¥*(¢) under the sign of scalar product
1
[ @0 - 0.0 - # o
to

e / BT OGO — v 0). T (1) ()t

)

+a /tl (BT )y (t), u* ' (1) — dF(1))dt > 0.

fo

Put u = u*(-) in (67)

/ ' W T(0) — u* (1) + aBT ()Y (1), u* (1) — u* T (1))dr > 0.

oD

92)
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Add up (91) and (92)
/ @0 — @, 0 — )
+f W0 — 0,00 — )
~ [ BT - v ), 0 — o)
+o | (BT, u (1) — ()t = 0 ©3)
Substituting u(r) = #(¢) in (28), we have
/ BTy 00,7 0) - u () > 0. ©4)
Summarize (93) and (94)
[0 =00~ o
+ A0 — 0,1t (1) — )
[ BT OO — R 0), (0 — i o)r
ta / (R0 — 9 0, BOWE 0 — )i > 0. 95)
Add up (90) with (95)
of =Pk ot =Y + T = pfopt = P
+(ps — b Pkt = B + b = by — Pt
+JAL PR (1) — x4 ()7 + &Pl Ao|PI%6 — x5
—a(Ao(X —X5), Py — Do) — (Vg — Vi s xg — Xo)
o / R0 07 0, DOG )~ #0)

+B(0) (" (1) — 7 (1) — %(x* (1) — (1))t
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+ f ! (i (1) — u* (), d* T (1) — W (r))dt

+ /rl (@) — uf (1), u* (1) — u* T (1)) dt

fo

o / B OG0 = v 0). 1 (1) — @)t = 0. (96)
6. Subtract (48) from (30):

D(1)(¥* (1) — X(1) + B(O) (™ (1) — a" (1)) — dit(x* (1) =) =o.

Given the resulting equation, the first of integrals in (96) is zeroed, and as a
result, we get

@) — Pt =B + YT = ppt it
+(po — po-rb T —Po) + o —pbops — 5T
+a? (A |23 (1) — X (1) [F 4 @A) — x5

—a(Ao(xh — x3).pg — D) — a{W§ — v x5 — 3)

+ / " (i (1) — uk (), u* TV (1) — ¥ (r))dt

fo

* /tl (W) — u (), (1) — T (1))t

o f B OG0 = v 0). 0 (1) — @)t = 0. ©7)

7. Proceed as done above, but in relation to the variable xy. To do this, we put
xo = x5! in (68):

(% — 26 + (Voo (x§) + Agph + v§), 2 — %) = 0.
Add and subtract o (Vo () + ATpE + ¥&) under the sign of scalar product:

(3 —xf + a(Voo ) + ASpE + v — (Voo RE) + ASpE + v, okt — %)
+a (Vo (X5) + Agpl + W xp ™ —Xf) > 0.

Put xy = x§ in (69)

(! Xk a (Vo (&) + ADpE + 9. x — ity > 0.
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Add up the inequalities obtained
(8 = =) s =
+Ol((Vg00(x]6) + AoPo + I/Ié‘) - (VQDO()_Co) + Aopo + I//o) Xk+1 - )_C](;)
+a(Veo(35) + Agpg + Vg, xo — o) = 0. (98)
We rewrite the Eq. (35) as a variational inequality, putting in it xo = fc{‘):
—a (Vo (xg) + Agps + Vi . x5 — X) = 0.
Add up this inequality with (98)
(55— o 1 = 5) + (= — k)
—}-a((VgoO(xS) + Aopo + %‘) - (VGDO()_C()) + Aoﬁo + WO)»X](;H — )_C](;)
+a (Voo (R6) — Voo (xy), x5 — 3) + a(Ag (Bh — pg). x5 — Xo)
+a (g — v xg — ) = 0. 99)
We add up (97) with (99)
1 =P =B+ T = et =P AP R () — ) P
+(P5 — b p6 T = P0) + (T — o s — Pt + o[ Aol 1xG — xpI

—W(Ao(xo_xo)vpo _ﬁl(()>_05(1/f0 I/fo’xo xo)

+ / " (i (1) — u* (1), k(1) — W (0))dt

+ / " (U@ — uF (), u* (1) — " T (1)) dr

~ [ "B OO — v 0). T @) — o)

(.Xk _ XO,.Xk+1 —k) (.Xk+1 _ xO’xO xk-l—l)
((Vﬁﬂo(xo) + Aopo ) - (VGDO(X()) + Aopo ‘//o)vx](()_H - )_C](;)
+0o (Vo (X)) — Vo (xg), x5 — %b) + (A (6 — pg), x5 — %)

+a (P — 5. x5 — %) = 0.

Given the monotony of gradient Vo (xp) in penultimate line (the negative term
a (Voo () — Vo (xo) xt — %) is discarded) and collecting similar terms (the
terms j:a(wg Vi, xk —xk) and Lo (A} (p* — p*), x — xk) cancel each other),
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we get:

@ —pi.oyt =Y + T = ppt = P QAL PR (1) — X () P

(o —po-po T —Bo) + 05t —pops —p6T) + AP 156 — xg I

+ f " (i (1) — u* (1), d* T (1) — W (r))dt

+ /rl @) — u* (1), u* (1) — u* T (1))t

to

o [ "B OG0 = v 0). 1) — i 0)di

+(3% =204 = F0) + (%" =000 — )
+a (Voo (xg) = Veog), < = 35) + er{ag (b — B0, "' — %)
+a(Yg = Yo" — %) 2 0. (100)

8. Using the identity [y; — y2|* = [y1 —y3|* + 2(y1 —y3.3 —y2) + [y3 — 2>, we
transform the scalar product in (100) into the sum (difference) of squares
R R R H R

k+1 *|2

=k k(2
1P — il

k+1 k2
* —pil

1P}
+lp =PI — Ip) P

+lpbT = pol — It = BbI* — 1ph — P

k+1 *| k+1

+lps — Py 1> = Ipg — ptt = piI?
+202 A2 |56 — xb |7 + 202 |A1 |27 (11) — ¥ ()2
o T O BT O e 7 O BTy O s "N O B O]k
k() = O = [ = O = [ = O
= "B O 0 — 0RO (1) — )
+|x10<+1_xg|2 |Xk+] xk|2_|316_xé|2
+|xk_x(>!)<|2 |)Ck+l x(>)k|2_|x/(;+l_xg|2
+2a(Veo () — Vo (), xk T — 35) + 20(AT (o — pE), 1k +! — =E)
+2a (Yt — gk kT - ) > 0. (101)
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Rewrite the inequality as follows

P = prP + e = i P+ T ) — u* O + T =
+IP5 =B + Y — PP+ 6T — BoIP + B — bl
=202 || Ao || — xb1* — 22| A | 2|75 (1) — X (1)
H@*C) = d TP+ ) — @O + AT =3P+ |3 — b

1 _
12 / (BT O@H @) — v (1), (1) — (o))
to
—2a (Vo (x) — Vepo(Xp). x5 7' — X) — 2a(Ag (P — Pp) . X — Xp)
—20 (Y5 — V. x5 —X;)
< ¥ = pi1* + k= py* + b C) — u* O + |xf — x5 1>

Using the Cauchy-Bunyakovskii inequality, we estimate the remaining terms in
the form of scalar products

P =P+ o =P+ T =t O+ T — ]
+pi =B+ 1Y — PP+ It = BbIP + 16 — phI
—20%|| Ao |1 P16 — xp|* — 202 (| A 1P|7 (11) — X (1)
@G = b O+ Nt O = @O + gt = 3+ (3 — 61
=20 B [V () = YFO N () = # ()
—20| Voo (xf) — Voo (&) 16T — xb| — 2ar]|AT || ph — ph |15+ — 56
—2a|ys — Phllx6T — X
< |p§ =Pt + o6 — po > + () = O + |x§ — xg1>. (102)

We continue to estimate the individual terms in the left-hand side of last
inequality.

(a) Involving (73) and (84), we have
20Bumax |94 () = ¥* O ) = Ol < 2(@Bua)* 1P () = v* QI
= (@Bmax)? (200 1) /D - (Ll () = (0| + AT 19k — P12
< 2(@Bu)? (270710 — 1) /D - (LA () = F(en) 2 + 4T 1210} = 1)

= o2di | (1) — (1) * + Pdalph — P,
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where

d, = 2L1B?

max

d2 — 2||AT||232 ( 2Dmax (t1—10) __ l) /Dmax~

max

( 2Dmax (t1—10) __ 1) /Dmaxv

(b) Due to Lipschitz condition and obvious inequality 2|a||b| < a®+b?, we have
20| Vo (x() — Voo (56|15 ! — X < 2auLo|x — Xp||xg ™ — X5
< alolth — B + alolkt — B,
20145 lllp6 — Bollxg ™ — X1 < ol ATl — P61 + allAglling ' — 1.
20y — Yl — 61 < el — Fol +alxg™! — TGP

By virtue of (83), we receive

[k — A < 262Pm 0 (2K (1) — F(0) P + ATk — 7412)
= d3|x* (1)) — X (1) 1> + dalp} — P2,
where dy = 2L2e*Pmx(1=10) g, = 2||AT||?2Pmax(t1=0)
Then the inequality (102) takes the form
P =P+ 5T =P+ I = QI + b =P
Hpi T =B+ 1By = PP+ T = Bl + 16 — Pl
=20 Ao|1?136 — x1” — 20| A: |27 (r1) — ()P
A Q) = d T OIP + a0 = @O + 16T =3 + 175 - x6
—a’d|x (1) — # (1) — &P do|py — piI” — aLolxg — XpI” — aLolxg ™! — X
—al|AglIpG — ol — allAgllixg ™" — 31
—a(dsx (1) = () + dalp} = i) — g™ = XGP
<Pt =Pi P+ oo = po P+ () =™ O + I — x5 .
Collecting similar terms, we obtain

P = pE P I = PP O = at O + T =G T - P
+(1 = ady —ady)|p = piF + 0T =PI
+(1 = allATDIF — b + (1 = 202 Ao — aLo)|5§ — 2

) =T OP + 1 O = O + (1 — a1 + Lo + [IAg I — 51
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—(e?dy + ads + 207 || A ) (1) — X (1)
<P =P+ o5 —po P + I () —w* O + g — x5 1% (103)
Using the estimate (76)

() = F (1) P < 22Pme =0 (B2 (1) — 1) [l () — @ O + 28 — 7%
= ds]|u* () — @ ()||* + dolxt — 5|
where ds = 2B, (t; — tg)e?Pmx(1710) | ¢ = 22Pmax(1=10) e get
|pllc+1 _p>1|<|2 + |p16+l _p8=|2 + ||Mk+1(-) _ u*()”2 + |x16+1 _x(>)k|2
T = PP 4 (1 — alads + do)) I} — P
+lpgt = BeIP + (1= ellATDIBS — pbl?
+(1— aQal|Aol* + Lo + (ad; + ds + 2a]|A1 |*)de)) |75 — x|
+@ ) =l TOIF + (A = alad) + ds + 20)|A|P)ds) |ub () — @t ()]
+(1— a1 + Lo + [|AF D) g™ — 252
<o} = i1 + Ip6 — po 1> + [l () — w* Ol + 1x§ — x5 .
Introducing notations

vi=di+ady, y2=1+Lo+||Al. s =IAgl,
vs = 2| Aol® + Lo + (ady + ds + 2a[| A |*)de,
ya = (ady + ds + 20| A ||*)ds, (104)
we arrive at the inequality of the form
R A e R O R A Ol R Era
Hpy ™ =PI A T Aol 1A ) — O
+(1—ay)Ip} = pil* + (1 —ays)|ph —pol* + (1 —ay)|xg™ — x5
+(1 = ays) |55 — x4+ (1 — aya) [u* () = ()|
< IPh =P P+ 1ph — P3P + 14O = O + | — x5 (105)
Choosing the value of o from the condition

. 1 1 1 1 1
O<o<min|—,—,—,—,— |, (106)
Yi Y2 V3 V4 V5
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it is possible to provide strict positiveness of all the terms in (105). Discarding
in the left-hand side of this inequality all lines except the first and last, we obtain

A R A e T O R O] i S v b
<ot =pIP + 16 = PSP + 1luC) = w” Ol + 1 — x5, (107)
that means a monotonous decrease of the sequence

UPY = PiP + 16 = pol? + 1u* () =™ O + 1xg — x5 1%}

on the Cartesian product R} x R’y x Lj[to, 1] x R".
9. We sum up the inequality (105) fromk = 0tok = N:

R N A o e A O BT O A Eia e e

N
+Z|p’<+‘ p1|2+2|p"+1 pol” + D () — O
k=0

N N
+(—ay) Y IpF = pilP + (1 —ays) Y 1B — pbl?

k=0 k=0

+(1—05V2)Z|xk+1 X6 —i—(1—00’3)2:|Xk—xo|2

k=0 k=0

N
H(1—ay) D k() =i O

k=0
<P = PP+ oo —po P+ 16’ C) = O + g — x5 2. (108)
Provided (106), this inequality implies that the sequence is bounded for any N
R R e A O R A O RS Er AR
< Ipi = piP + Ipo —pg P+ 14’ () = u O + Ixg — x5 1%, (109)

and the following series converge

(]

ZW‘ PiP <00, Y OIPY =PIl < oo,
k=0
oo

ZW‘ pol> < oo, Y |pf—pil” < oo,

k=0
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oo o0
Dk =3P < oo Y IRG — gl < oo,

k=0 k=0
o0 oo
D o N#C) = u* O < oo, () = ()] < o0.
k=0 k=0

The convergence of the series implies the vanishing of the terms for these series

Py =Bl = 0. 1B = pil = 0. Ipg™" =Bl — 0. 15 — gl — O,

AT — x| — 0, | — x| — 0,

@ () — 'O — 0, u () — i )] — o. (110)

Hence, by the triangle inequality, we obtain

Pyt —pil = 0. 15t —pil = 0. g™ —xgl = 0. [T () —u* ()] - 0.

From (75), (76) and (84) it follows that

(1) =X (0)] — 0. X)) —F @) = 0. [¥*() =¥ ()] > 0 ask — oo
(111)
Moreover, every term in the left-hand side of (109) is bounded

|p]f —pY| < const, |p’5 —pg| < const,

|x8 —x%| < const, [|u*(-) —u*(-)|| < const.

Finally, as it follows from (77), (76) and (85), the sequences below also are
bounded

I () = x* ()] < const, |x¥*(r1) —x*(11)] < const, [[¥*() = y*()I| < const.

Since the sequence {(x’(;,xk(tl),xk(-),uk(-);pé,p’f,ljfk(-))} is bounded on the
Cartesian product R" x R" x AC"[t,#;] x U x R} x R x Wi[ty, #;] then
this sequence is weakly compact [19]. The latter means that there exists
the subsequence {(x’é‘,xki(tl),xk"(-),uki(~); pg’, plf",lﬂki(-))} and the point
(xé), X (1), x (). u (); P(,)’P/l’ ¥’ (), which is the weak limit of this subsequence.
Note that in finite-dimensional (Euclidean) spaces of variables py,p; and
Xo,x(t1) strong and weak convergences coincide.

Note also that all linear differential operators of system (42)—(53) are weakly

continuous [19], and therefore the transition to weak limit is possible. Passing to
weak limit as k; — oo in the whole system with the exception of Egs. (46) and (52),
we obtain
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%x’ (t) = D)X (1) + B(t)u (1), x (10) = x,,

Po = 4+ (po + a(Aoxy — ao)),
Py = 14 (py + a(AX (1) —ar)),
d !’ 7’ ’ 7’ ’
SV O+DTOY ()= 0. Y1 = Ve () + Afpy.
Voo (xy) + Adpy + vy = 0. (112)

Thus, it was shown that weak limit of the subsequence is the solution of incomplete
system (112). This system does not contain a limit expression for the iterative
formula (52) (or (46)). To obtain a complete picture, it is necessary to show that
the weak limit point satisfies this limit relation, i.e., the variational inequality

131 ,
[ & 0v 0.0 0 i <0, uey v (113)
fo
or, that is the same, the operator equation

u (1) = 7 (1) — aBT ()P (1)) (114)

Let us prove this fact. The right-hand side of (52) (or (46)) as an operator is not
weakly continuous, therefore the transition to weak limit is, generally speaking,
impossible. We will use a different approach. The first three equations of the
system (112) coincide with (10). The solution of system (10) is a solution of (1)—(4).

The saddle point (x5, x7,x*(),u*():ps.pT. ¥*(-)) of system (6) for
Lagrangian (5) is formed by primal (xj,x7,x*(-),#*(-)) and dual (p§,pT, ¥*(-))
variables for problem (1)—(4). In Sects. 3 and 4 it was shown that the above saddle
point is also a saddle point for dual Lagrangian (15). Consequently, this point
satisfies the dual system of saddle-point inequalities (16). In turn, this system
generates the dual (conjugate) problem (20)—(23). In this case, the saddle point
(3, x7,x* (), u*(): pg, pT, ¥ () is solution of dual problem. In particular, the
variational inequality (23) is true. In considered case, it takes the form (113).

Thus, combining (112) and (113), it can be argued that weak limit point is the
solution of primal and dual system (24)—(29), i.e.,

(X X1 X ()t (), Pos P W () = (3, x5, X O™ (), pis P U ().

The system (24)—(29) is necessary and sufficient condition for solving the problem
in form of Lagrange principle (the saddle-point principle). It remains to note that the
process converges monotonically in variables (pg, p1, Xo, u(-)). As it is well-known
[26], the convergence in (x(-), ¥ (-)) is strong. The convergence in finite-dimensional
variables (po, p1, X0, x(t1)) is also strong. The theorem is proved. O
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9 Conclusions

In this paper, the dynamic model of terminal control with boundary value problems
at the ends of time interval is interpreted as a saddle-point problem. The problem
is considered in functional Hilbert space. Solution of the problem (as a saddle
point) satisfies the saddle-point system of inequalities with respect to primal and
dual variables. In the linear-convex case, this system can be considered as a
strengthening of the maximum principle. This enhancement allows us to expand
the possibilities of dynamic modeling of real situations both due to the large variety
of finite-dimensional boundary value problems, and due to the diversity of the new
saddle-point methods.

New quality of the proposed technique is that it allows us to prove the strong (in
norm) convergence of computing process in all the variables of the problem, except
for controls, where the convergence is weak. Features of the new technology are
demonstrated with the example of linear-convex dynamic problem with boundary
conditions described by convex programming problems. Such problems as n-person
games, variational inequalities, extreme mappings, equilibrium economic models
and others can successfully play the role of boundary value problems.
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Optimization of Portfolio Compositions
for Small and Medium Price-Taking Traders

Alexander S. Belenky and Lyudmila G. Egorova

Dedicated to the 80th birthday of Professor Boris Teodorovich
Polyak.

Abstract The paper proposes two new approaches to designing efficient math-
ematical tools for quantitatively analyzing decision-making processes that small
and medium price-taking traders undergo in forming and managing their portfolios
of financial instruments traded in a stock exchange. Two mathematical models
underlying these approaches are considered. If the trader can treat price changes for
each financial instrument of her interest as those of a random variable with a known
(for instance, a uniform) probability distribution, one of these models allows the
trader to formulate the problem of finding an optimal composition of her portfolio
as an integer programming problem. The other model is suggested to use when the
trader does not possess any particular information on the probability distribution of
the above-mentioned random variable for financial instruments of her interest while
being capable of estimating the areas to which the prices of groups of financial
instruments (being components of finite-dimensional vectors for each group) are
likely to belong. When each such area is a convex polyhedron described by a finite
set of compatible linear equations and inequalities of a balance kind, the use of
this model allows one to view the trader’s decision on her portfolio composition as
that of a player in an antagonistic game on sets of disjoint player strategies. The
payoff function of this game is a sum of a linear and a bilinear function of two
vector arguments, and the trader’s guaranteed financial result in playing against the
stock exchange equals the exact value of the maximin of this function. This value,
along with the vectors at which it is attained, can be found by solving a mixed
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programming problem. Finding an upper bound for this maximin value (and the
vectors at which this upper bound is attained) is reducible to finding saddle points in
an auxiliary antagonistic game with the same payoff function on convex polyhedra
of disjoint player strategies. These saddle points can be calculated by solving linear
programming problems forming a dual pair.

Keywords Convex polyhedron e Equilibrium points ¢ Financial instruments ®
Integer programming ¢ Linear programming ¢ Mixed programming ¢ Price-taking
traders * Random variable probability distribution * Two-person games on sets of
disjoint player strategies

JEL Classification: G11, C6

1 Introduction

Stock exchanges as markets of a special structure can be viewed as economic
institutions whose functioning affects both the global economy and economic
developments in every country. This fact contributes to a great deal of attention
to studying the stock exchange behavior, which has been displayed for years by
a wide spectrum of experts, especially by financiers, economists, sociologists,
psychologists, politicians, and mathematicians. What becomes known as a result
of their studies, what these experts can (and wish to) explain and interpret from
findings of their studies to both interested individuals and society as a whole to
help them understand how the stock exchanges work, and how good (or bad)
these explanations are make a difference. Indeed, economic issues and policies,
the financial stability and the financial security of every country, and the financial
status of millions of individuals in the world who invest their personal money in
sets of financial instruments traded in stock exchanges are affected by the stock
exchange behavior. The existing dependency of so many “customers’” on the above-
mentioned ability (or inability) of the experts to provide trustworthy explanations
of this behavior makes advances in developing tools for quantitatively analyzing
the work of stock exchanges important for both the financial practice and economic
science.

These tools seem indispensible, first of all, for specialists in economics and
finance, since they let them (a) receive, process, analyze, and interpret available
information on the behavior of both stock exchanges and their participants, (b)
form, test, and analyze both scientific and experience-based hypotheses on the stock
exchange behavior, along with mathematical models for its description, and (c)
study, evaluate, and generalize the experience of successful traders. However, since
the quality of the above analyses heavily affects financial decisions of so many
individuals whose well-being substantially depends on the quality of decisions on
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forming and managing their portfolios, it is clear that developing the tools presents
interest for a sizable number of these individuals as well, especially if the tools are
easy to operate, are widely available, and the results of the tools” work are easy to
understand.

Developing such tools for quantitatively studying the financial behavior and
strategies of price-taking traders and those of any groups of them presents particular
interest, since these strategies and this behavior, in fact, (a) determine the behavior
of stock exchanges, (b) reflect both the state of the global economy and that
of the economy in every country in which particular stock exchanges function,
and (c) let one draw and back up conclusions on the current investors’ mood.
However, the development of such tools requires substantial efforts from researchers
to make the tools helpful in studying particular characteristics attributed to stock
exchanges, for instance, regularities of the dynamics of financial instrument values
depending on the financial behavior of so-called “bulls” and “bears” [27]. The
same is true for studying the reaction of particular stock exchanges in particular
countries on forming financial “bubbles,” on crushes of particular stocks, and on
financial and general economic crises, especially taking into account large volumes
of the available data, interdependencies of particular ingredients of this data, and the
probabilistic nature of the data.

Three questions on tools for quantitatively studying the financial behavior and
strategies of price-taking traders are in order: (1) can the above-mentioned tools be
developed in principle, and if yes, what can they help analyze, (2) who and how
can benefit from their development, and (3) is there any need for developing such
tools while so many different tools for studying stock exchanges have already been
developed (and have been recognized at least by the scientific community)?

1. Every stock exchange is a complicated system whose behavior is difficult to
predict, since this behavior depends on (a) decisions made by its numerous
participants, (b) political and economic situations and tendencies both in the
world and in particular countries, (c) breakthroughs in science and technology,
and (d) environmental issues associated with the natural anomalies and disasters
that may affect agriculture, industry, and people’s everyday life. However, there
are examples of global systems having a similar degree of complexity whose
behavior has been studied and even successfully forecast. Weather, agricultural
systems, electoral systems, certain kinds of service systems, including those
supplying energy (electricity, water, and gas), and particular markets, where
certain goods are traded, can serve as such examples. Indeed, for instance,
the dynamics of the land productivity with respect to particular agricultural
crops in a geographic region, which substantially depends on both local weather
and human activities relating to cultivating the crops and which is difficult to
study, has been successfully researched. The dynamics of changing priorities of
the electorate in a country, which substantially depends on the political climate
both there and in the world, as well as on actions undertaken by candidates on
the ballot and their teams to convince the voters to favor these candidates, is
successfully monitored and even predicted in the course of, for instance, U.S.
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presidential election campaigns, despite the obvious complexity of studying it.
The dynamics of energy consumption by a resident in a region, which depends
on the financial status of this resident and her family, on the climate and local
weather in the region, on the time of the day, on her life style and habits, etc., is
successfully forecast in calculating parameters of regional electrical grids though
its formalized description presents substantial difficulties.

While there are obvious similarities in the dependency of all the above-
mentioned global systems on the nature and human behavior, the conventional
wisdom suggests that developing any universal decision-support systems appli-
cable to studying and analyzing these systems from any common, uniform
positions is hardly possible. However, the authors believe that certain regularities
detected in studying these systems [6] can successfully be applied in studying and
analyzing stock exchanges and financial strategies of their participants [7].

At the same time, one should bear in mind that according to [22, 44], with
all the tools available to world financial analysts, they correctly predict the
behavior of financial instruments approximately in 50 % of the cases. This may
suggest that either the tools adequately describing the stock exchange regularities
have not so far been developed, or not everything in stock exchanges can be
predicted with a desirable accuracy in principle though the existing tools seem
helpful for understanding regularities underlying the tendencies of the stock
exchange behavior. In any case, it seems that the tools allowing one to analyze
the “potential” of a price-taking trader and the impact of her decisions on both the
composition of her portfolio of financial instruments traded in a stock exchange
and on the behavior of this stock exchange as a whole are needed the most.

. Economists, financial analysts, and psychologists are direct beneficiaries of
developing tools for quantitatively studying the financial behavior and decision-
making strategies of price-taking traders, whereas these traders themselves are
likely to benefit from developing these tools at least indirectly, by using results
of the studies that can be undertaken by the above-mentioned direct beneficiaries.
A set of mathematical models describing the process of making investment
decisions by price-taking traders and software implementing existing or new
techniques for solving problems formulated with the use of these models, along
with available statistical data reflecting the stock exchange behavior, should
constitute the core of the tools for analyzing the psychology of making decisions
by price-taking traders possessing abilities to divine the market price dynamics
with certain probabilities. One should expect that the use of the tools by
price-taking traders for improving their decisions (no matter whether such an
improvement can be attained by any of them) is likely to change the behavior of
every stock exchange as a whole, and this is likely to affect both the economy of
a particular country and the global economy.

. The financial theory in general and financial mathematics in particular offer
models describing the financial behavior of price-taking traders assuming that
these traders are rational and make their decisions in an attempt to maximize
their utility functions under a reasonable estimate of both the current and the
future market status. In all these models, including the Black-Scholes model
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for derivative investment instruments and those developed by Markowitz for
the stocks [33], their authors assume that the trader possesses information on
the probability distribution of the future prices of the financial instruments
(at least for those being of interest to the trader). The use of these models leads
to solving quite complicated mathematical problems that can in principle be
solved only approximately, and even approximate solutions can be obtained only
for a limited number of the variables that are to be taken into consideration.
Since the parameters of the above-mentioned probability distributions are also
known only approximately, the question on how correctly these models may
reflect the real financial behavior of the traders in their everyday work with
financial instruments, and to what extent these models are applicable as tools
for quantitatively analyzing the work of any stock exchange as a whole seems to
remain open.

The present paper discusses a new approach to developing a package of
mathematical tools for quantitatively analyzing the financial behavior of small and
medium price-taking traders (each possessing the ability to divine future price
values of certain financial instruments traded in any particular stock exchange)
by means of integer, mixed, and linear programming techniques (the latter being
the most powerful techniques for solving optimization problems). It is assumed
that each such trader forms her portfolio of only those financial instruments of her
interest traded in a stock exchange for which the above ability has been confirmed
by the preliminary testing that the trader undergoes using the publicly available data
on the dynamics of all the financial instruments traded there. Once the initial trader’s
portfolio has been formed, at each moment, the trader gets involved in making
decisions on which financial instruments from the portfolio (and in which volumes)
to sell and to hold, as well as on which financial instruments traded in the stock
exchange (and in which volumes) to buy to maximize the portfolio value. The paper
concerns such decisions that a price-taking trader might make if she had tools for
analyzing the dynamics of financial instruments being of her interest (at the time of
making these decisions) in the following two situations:

(a) For each financial instrument, the trader believes that its price values will
increase and decrease within a segment as two random variables each uniformly
distributed on one of the two parts into which its current price value divides the
segment, and

(b) no information on the probability distribution of the above-mentioned random
variable is available to or can be obtained by the trader though she can estimate
the areas to which the price values of groups of financial instruments from her
portfolio, considered as components of vectors in finite-dimensional spaces, are
likely to belong.

It is shown that in the first situation, the deployment of one of the two mathe-
matical models, proposed in the paper, allows the trader to reduce the problem of
finding an optimal composition of her portfolio to solving an integer programming
problem. In the second situation, the use of the other model allows the trader to find
her optimal investment strategy as that of a player in a two-person game on sets of
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disjoint player strategies, analogous to the game with the nature, in which the payoff
function is a sum of a linear and a bilinear function of two vector variables. It is
proven that in the second situation, finding an optimal investment strategy of a trader
is equivalent to solving a mixed programming problem, whereas finding an upper
bound for the trader’s guaranteed result in the game is reducible to calculating an
equilibrium point in an auxiliary antagonistic game, which can be done by solving
linear programming problems forming a dual pair.

The structure of the rest of the paper is as follows: Sect. 2 presents a brief survey
of existing approaches to studying the financial behavior of small and medium price-
taking traders. Section 3 briefly discusses ideas underlying the development of the
tools for detecting a set of financial instruments for which a price-taking trader is
able to divine their future price values. Section 4 addresses the problem of forming
an optimal portfolio of financial securities by a price-taking trader assuming that the
trader knows only the area within which the price value of each particular financial
security of her interest (considered as the value of a uniformly distributed random
variable) changes. Section 5 presents a game model for finding strategies of a price-
taking trader with respect to managing her portfolio when the trader cannot consider
price values of financial securities of her interest as random variables with known
probability distributions. In this case, finding a global maximum of the minimum
function describing the guaranteed financial result for a trader, associated with her
decision to buy, hold, and sell financial securities is reducible to solving a mixed
programming problem, whereas finding an upper bound for this guaranteed result is
reducible to finding Nash equilibria in an auxiliary antagonistic game. Finding these
equilibria is, in turn, reducible to solving linear programming problems forming
a dual pair. Section 6 provides two numerical programming problems forming a
dual pair. Section 6 provides two numerical examples illustrative of using the game
model, presented in Sect. 5, in calculating optimal investment strategies of a trader
in both forming a new and in managing an existing portfolio of financial securities
traded in a stock exchange. Section 7 presents concluding remarks on the problems
under consideration in the paper.

2 A Brief Review of Publications on Modeling the Financial
Behavior of Small and Medium Price-Taking Traders
in a Stock Exchange

2.1 Mathematical Models for Developing an Optimal Portfolio
of a Price-Taking Trader

There are three basic approaches to forming an optimal portfolio of a price-taking
trader with the use of mathematical models, proposed by economists H. Markowitz,
W. Sharpe, and S. Ross.
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Markowitz considered the problem of forming a trader’s optimal portfolio under
the budget limitations in which two parameters—the growth of the portfolio value
(to be maximized) and the risks associated with the instability of the stock exchange
(to be minimized)—are optimized. He assumed that (a) mathematically, the first
parameter is modeled by the expectation of the portfolio’s return, whereas the
second one is modeled by the portfolio’s return variance, (b) the value of each
security considered for the inclusion in the portfolio is a random variable with
a normal probability distribution, and (c) the shares of securities in the portfolio
are non-negative, real numbers. The underlying idea of the Markowitz approach to
finding an optimal portfolio composition consists of determining a Pareto-optimal
border (efficient frontier) of attainable values of the above two parameters on
a plane with the “expectation-variance” coordinates and finding on this border
an optimal trader’s portfolio by solving an auxiliary problem of calculating a
tangent to the above border. Markowitz proved [33] that (a) components of the
solutions to the auxiliary problem are piecewise functions, (b) there are so-called
“corner” portfolios, corresponding to discontinuity points of the functions being
derivatives of the components of the auxiliary problem solutions, and (c) these
“corner” portfolios are sufficient for describing all the portfolios from the Pareto-
optimal border, since all the portfolios from the Pareto-optimal border are linear
combinations of these “corner” portfolios. Here, the choice of a particular portfolio
by a particular trader depends on the preferences that the trader has on both
the return and the risk associated with the inclusion of a particular security in
the portfolio, and the pair of these two parameters determines a point on the
above Pareto-optimal border.

Though the Markowitz model presents obvious theoretical interest, it does not
seem to have received attention in the practice of analyzing the stock exchange work,
apparently, due to (a) the assumptions under which this model has been developed
(particularly, normal probability distributions for the above-mentioned random
variables), (b) difficulties in obtaining data for calculating both the expectation of
the return and the variance of the return under unstable conditions of the stock
market, (c) the need to use approximate methods in calculating the Pareto-optimal
border when the number of securities is large, etc. Nor has it received enough
attention from the practice of using stock exchange work models though models
that employ the Markowitz idea in practical calculations but use other parameters
instead of the expectation and the variance of the return have been implemented
in particular practical calculations. For instance, mean-semivariance [34], mean-
absolute deviation [25], mean-VaR (Value-at-Risk) [21], mean-CVaR (Conditional
Value-at-Risk) [45], and chance-variance [28] are among such models, despite the
presence of the above-mentioned Markowitz model deficiencies in them.

In 1964 Sharpe developed another model for choosing a composition of the
investment portfolio, called Capital Asset Pricing Model (CAPM) [49], which
incorporated some ideas of the Markowitz model. That is, all the traders are assumed
to be rational and developing their strategies proceeding from the expected revenue
and the values of standard deviations of the return rate for securities from the
portfolio. Sharpe’s model assumes that all the traders (a) have access to the same
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information on the stock exchange, (b) have the same horizon of planning and
estimate the expected rates of return and standard deviations of these rates in
the same manner, and (c) proceed from the same risk-free interest rate at which
every trader can borrow money (for instance, from the interest rate of the Treasury
Bills). He suggested that under the above assumptions, the traders, who estimate
the risk-free interest rate, co-variations, dispersions, and the expected rates of return
for every security uniformly, would choose the same portfolio, called the market
portfolio, in which the share of each security corresponds to its market value. Since
each trader has her own utility function, she would allocate her capital among
the risk-free securities and the market portfolio in a manner that guarantees her a
desirable level of the yield while not exceeding a certain level of risk. Thus, due to
the same rate of return and to the same market portfolio for all the traders, CAPM-
effective portfolios on the plane with the risk and the rate of return as coordinates
will occupy a line, called the market line, and all the portfolios below this line
will not be effective. Sharpe proposed a mathematical expression for the above
line whose coefficients are determined by the risk-free interest rate and by the
expectation and the dispersion of the rate of the market portfolio return. For each
security from the trader’s portfolio, the expected premium for the risk of investing
in this security can be described by a function of its rate of return and of the risk-
free rate so that the expected premium for the risk associated with investing in a
particular security is proportional to the expectation of the premium for investing
in securities with the above risk-free interest rate. Moreover, Sharpe proposed
to measure “the sensitivity” of a particular security to changes in the market of
securities by a coefficient “beta” reflecting the level of coincidence of the direction
in which the security changes and the direction in which the market as a whole does.
When “beta” equals 1, the value of the security increases or decreases with the same
rate as does the whole market so that the inclusion of securities with the coefficient
values exceeding 1 increases the risk of investment in securities from the portfolio
while increasing the return of the portfolio.

Though the Sharpe model for all the traders (a) assumes their rationality,
the uniformity of information on the stock exchange that they possess, and the
uniformity of their evaluation of the return and the risk associated with each security
from the portfolio, (b) does not take into consideration a number of factors affecting
the return of securities from the portfolio besides the market portfolio, and (c)
shows a substantial deviation between the actual and the calculated data and the
instability of the above coefficient “beta,” which can be viewed as a “sensitivity
coefficient,” this model is widely used in practical calculations. In these calculations,
the “sensitivity coefficient” is determined based upon the available statistical data
on the monthly yield of securities and on the values of some stock exchange indices.

The Arbitrage Pricing Theory, APT, proposed by Ross in 1976 [47], uses a
multifactor mathematical model for describing the dependence of the return of a
security on a number of factors in forecasting values of the expected return. For
instance, the trader may consider the values of the stock indices, the level of interest
rates, the level of inflation, the GDP growth rates, etc. as the factors in the APT
model with coefficients reflecting the sensitivity of the return of a particular security
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to the changes of a particular factor in the model. Ross considered a trader’s problem
of composing an investment portfolio that is insensitive to any factor changes, does
not need any additional trader’s resources, and has a positive return. Ross proved
that such a portfolio, called an arbitrage portfolio (where the arbitrage is understood
in the sense of receiving a risk-free profit as a result of dealing with the same
securities, but with different prices) allows one to get a positive profit with zero
initial capital and in the absence of risk. He proved that the arbitrage is impossible if
the dependence among a substantial number of securities considered to be included
in the portfolio is “almost linear” [47]. He also proposed to calculate the expected
return of a particular security as a linear combination of summands each of which
depends on the expected return of the portfolio having the unit sensitivity to a
particular factor and zero sensitivity to the other factors.

The recommendations of the Ross model present mostly theoretical interest, and
they may be considered realistic only for a large number of different securities in
the trader’s portfolio, i.e., for extremely large markets. In any case, the use of these
recommendations implies the determination of the composition of factors affecting
the return of a security.

2.2 Modeling the Dynamics of Security Price Values

Traders who do not use mathematical models for optimizing their investment
portfolios usually make decisions on forming and managing these portfolios based
upon forecasts of the future price values of the financial instruments that interest
them, which can be done with the use of several statistical methods.

Regression Analysis Linear regression models, which are used for estimating
parameters in the above-mentioned CAPM and APT models, are widely used for
describing the dependences of the security yield on (a) its dividend yield ratio (the
ratio of the annual dividend per security share to the market value of the share
price of this security at the end of the fiscal year) [24], (b) P/E coefficient (price-
earning ratio, equaling the ratio of the current market capitalization of the company
to its carrying value) [31], (c) the banking interest rate and the spread value (the
difference between the best price values of market orders for buying and selling a
particular security at one and the same moment) [19], etc. Though the regression
models are widely used, their use requires processing a substantial volume of data
to adequately estimate parameters of the model. The absence of the adequacy of
the model (for models presented in the form of any numerical dependency between
explanatory variables and those to be explained), a relatively low accuracy of the
forecasts, and the impossibility to analyze the interrelation among the data available
for processing in the form of finite time series are shortcomings/limitations of the
regression models that are in use for forecasting future price values of securities
traded in stock exchanges. To provide a correct interpretation of the forecast with
the use of these models, one should determine the full set of explanatory variables
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to avoid (a) the bias of the coefficient estimates, (b) the incorrectness of z-statistics
and that of other quality indices in the absence of the significant variables, and (c)
the risk of multicollinearity (i.e., a linear dependency among the factors). Finally, as
shown in [38, 39], for almost all the data describing U.S. macroeconomic indices, all
the regressions obtained with the use of the least square methods have turned out to
be spurious, i.e., while the dependence between the above-mentioned variables was
present (since the regression coefficients were significant, and all the assumptions
under which the use of linear regressions is justified were present), there were no
dependences between the explanatory variables and those to be explained.

Time Series Analysis Time series of various special structures are widely used
for describing macroeconomic indices. However, due to the non-stationarity of,
particularly, financial time series, and the presence of both the autoregression and
the moving average, time series models cannot describe these indices adequately.
Nevertheless, one can transform the initial time series into those whose values
are the differrences of a certain degree for the initial time series, and these time
series of the differences can be used in forecasting security price values [8, 20, 42].
Autoregression heteroskedasticity models (ARCH), which describe changes of the
dispersion of the time series, have been proposed to take into consideration the
feature of stock exchange time series associated with the sequencing of the periods
of high and small volatility of the parameters described by these time series [15].
Other econometric models for studying time series that describe financial indices,
along with tests for verifying and estimating coefficients in these models, the quality
of the forecast, and the assumptions underlying the models, are discussed in [56].
The practical use of the time series techniques requires (a) processing a substantial
volume of data, (b) an adequate choice of the structure of a particular time series
for forecasting a particular parameter, and (c) establishing the applicability of the
models under the feature of non-stationarity of the parameters to be forecast, which
usually presents considerable difficulties.

Stochastic Differential Equations Stochastic differential equations are widely
used in the description of the dynamics of both the price of and the yield for a
security, and the most general description is usually offered in the form

aX, = u(Xy, tydt + o (X;, t)dw,,

where W, is a Wiener process, being a continuous-time analog of a random walk.
Here, the random process X;, describing the dynamics of the share price or that
of the yield, can be modeled under different particular variants of the functions p
and o. The most known models are those used for describing the dynamics of the
interest rate r, (in which the equality X; = r, holds) in determining the value of the
share price of a bond, and they include

¢ the Merton model, describing the capital assets in which dr, = adt + ydW, [35],
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 the Vasicek model dr, = a(B — r,)dt + ydW, [57], reflecting the tendency of
the interest rate to return to its average level 8 with the velocity described by the
parameter «,

 Cox-Ingersoll-Ross model dr;, = (a — Br)dt + y(r;)"/?dW, [11], which takes
into consideration the dependence of the volatility (o (r..1) = y(r;)"/?) on the
interest rate r;,

« the Chen model [10] of the interest rate dynamics dr; = (o, —r;)dt + (y,r,) '/ >dW,
in which the coefficients are also stochastic processes described by analogous
stochastic differential equations do, = (o — at)dt + (a)/2dW), dy, = (y —
yodt + (y)'/*dW?.

The Levy processes deliver another type of stochastic differential equations
[18, 23, 59] that are used for describing the dynamics of the share price (or that
of the yield) of a security. These processes can be represented by a sum of three
summands, where the first and the second ones describe the trend of the dynamics
and fluctuations around this trend, whereas the third one models the jumps of the
value of the security share price as a reaction on any events being external to the
stock exchange

dX, = pdt + odW, + dJ,,

where J, is a compound Poisson process with a known arrival rate of the external
events. The complexity of (a) obtaining both analytical and approximate solutions to
the equations adequately describing real stock exchange processes, (b) understand-
ing mathematical models underlying the description of the processes under study
and the solution techniques of the problems formulated on the basis of these models,
and (c) implementing the solutions, are among major disadvantages of modeling
the dynamics of the share price of a security with the use of stochastic differential
equations.

Other Methods Non-parametric methods [56], particularly, neural networks
[36, 40], data mining [16], and machine learning [54] should be mentioned
among other methods used for describing the dynamics of the share price of a
security. However, besides disadvantages attributed to the parametric methods,
mentioned earlier, there are some additional ones associated with the specifics
of non-parametric methods. For instance, the choice of the topology (the number
of layers and neurons and their connections) of the neural networks presents
considerable difficulties, and the training of a neural network requires processing
large volumes of data while even the correspondence of the model to the historical
data does not necessarily guarantee a high level of quality of the forecasts on the
basis of the neural network models.
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2.3 Some Empirical Facts on the Financial Behavior
of Price-Taking Traders and Financial Analysts

Some Statistical Facts Illustrative of the Ability (or of the Inability) of Price-
taking Traders To Make Successful Investment Decisions According to the in-
formation on transactions of ten thousand investors in a seven year period of time,
the average, securities sold by the traders had a higher interest rate than those bought
by them later on [41]. Also, an analysis of transactions related to more than sixty
six thousand broker accounts showed that the average yield of a trader was equal
16,4 %, and the average yield of active traders reached only 11,4 % while the yield
of the market portfolio was 17,9 % [1]. Based on this data, the authors of the above-
mentioned publications concluded that the traders adopted wrong financial decisions
in quite a number of cases. The authors of [13] believe that adopting wrong financial
decisions by the traders is associated with traders’ emotions, and several tests have
been conducted to analyze how the physiology status of a trader (measured by, for
instance, the frequency of her pulse and the electrical conductivity of her skin)
affected these decisions. That is, the values of these trader’s medical parameters
were measured in the course of such market events as changes in the trend and
an increase of the volatility or that of the volume of transactions with respect to
particular financial instruments [29], and they were compared with the values in
the periods of market stability. It has turned out that, generally, experienced traders
have been less sensitive emotionally to the stock exchange events than inexperienced
ones. Similar to the authors of [1, 37], the authors of [48] believe that the tendency of
both professional private investors and traders to sell profitable securities more often
than unprofitable ones (the disposition effect) should be interpreted as the inability
of the traders to adopt right financial decisions in a substantial number of cases.
The authors of [26] assert that private investors are overconfident and that they are
sure that they interpret all the available financial information correctly, which leads
to their excessive participation in stock exchange bids and causes them to sustain
big losses. Neither a correlation between the success of a trader and her personal
qualities (such as age, experience, the size of her capital, the level of education, etc.)
[30], nor a correlation between her success and the gender have been detected [44].
Moreover, conclusions of some researchers on the performance of the investment
funds managed by Ph. D. holders, as well as by those having scientific publications
in the top journals on economics and finance, suggest that the viewpoint that these
funds achieve better financial results should be considered controversial [9]. The
fate of the Long-Term Capital Management—the hedge fund which crashed in
1999, despite the fact that more than a half of its participants and partners had
scientific degrees, and Nobel economists R. Merton and M. Scholes were among
its partners—seems to be illustrative of this statement.

As is known, traders who do not have any specific knowledge or time for
making decisions based upon analyzing available information are inclined to
follow the actions of other traders, called gurus (the so-called herding effect)
[46, 55, 58]. Usually, lucky and experienced traders or the insiders, who have
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access to information inaccessible to others, are chosen as such gurus, and the
herding effect is present even among experienced traders (though to a much lower
degree) [58]. In [55], the authors suggest that in the market of currency futures
contracts, small speculators follow the actions of large ones if this looks profitable
to them. This conclusion on the herding effect is also suggested in [14], where the
authors explain such a behavior of the traders by (a) expectations of substantial
profits to come, (b) personal motives of particular market participants, and (c)
the so-called cascade model, when an agent possessing negative information on a
particular financial instrument, but contemplating the actions of other market players
may change her mind and ignore the available negative information. An excessive
attention to the actions of the neighbors (even if a trader follows and takes into
account the actions of only successful ones) leads to forming financial “bubbles” and
stock exchange crashes [51]. Some authors believe that people are inclined to trust
today’s information on the market status more than to evaluate the current situation
there taking into account the prehistory of this information [12]. The authors of [43]
believe that even if some financial information is public, but is not accessible to
all the market players, the market will not react to this information (in particular,
will not react to the actions undertaken by those possessing this information) by
changing either the volumes of transactions with respect to particular financial
instruments or the market prices. According to [4], private investors often buy
securities discussed in the media while do not have a chance to estimate all
the available financial instruments and to comprehend all the available financial
information. Results of quite a number of empirical studies on the herding effect are
surveyed in [52].

Some Facts Illustrative of the Ability (or of the Inability) of Financial Analysts
to Form Correct Recommendations and Forecasts As mentioned earlier, the
analysis of forecasts offered by financial analysts [22] showed that in a majority of
all the forecasts analyzed, the share of correct forecasts is approximately 50 %. In
[44] the authors estimated the effectiveness of the forecasts of analysts and experts
on the Russian stock market, and they concluded that only 56.8 % of the experts
offered correct forecasts. An analysis of the forecasts offered by economists working
in the government, banks, entrepreneurship, and in the field of science, conducted
by the Federal Bank of Philadelphia since 1946 (Livingston Survey), caused the
authors of the survey to conclude that professional economists apparently unable to
correctly predict the behavior of financial markets in principle [50].

Some Facts on Financial Results Achieved by Investment Funds An analysis of
financial activities of hedge funds in the period of time from 1994 through 2003 [32]
showed that more than a half of them could not achieve the yield of their portfolios
higher than the market one. Particularly, this means that even a passive investment
strategy (buy and hold) could have brought to the clients of the fund a larger yield
than that they received by investing a comparable amount of money in hedge funds.
Also, the authors of [32] estimated the number of funds that displayed the results
exceeding the average in the two consequent years and concluded that the share of
these funds had been about only 50 %, whereas only 11 out of 18 funds that beat the
market in 1995 repeated this result in 1996.



64 A.S. Belenky and L.G. Egorova

2.4 A Few Remarks Regarding Directions of Studies
on Modeling the Financial Behavior of Small
and Medium Price-Taking Traders in a Stock Exchange

The presented brief survey of publications suggests that studying the financial
behavior of small and medium price-taking traders interacting with a stock exchange
with the use of mathematical models should be conducted at least in two major
directions (a) modeling short-term strategies of the transaction participants, and (b)
modeling long-term investments in financial instruments (mostly, in securities).

It seems obvious that strategies of a trader with respect to her short-term
transactions substantially depend on both the trader’s knowledge of models and
methods for analyzing the market of financial instruments and her willingness to
use these analytical tools. For traders who do not have necessary mathematical
knowledge, the latter mostly depends on their ability to quickly understand only the
substance of the above-mentioned models and methods and on the ability of these
tools to solve large-scale problems in an acceptable time. However, the surveyed
publications bear evidence that comprehending the existing models and methods
implies the involvement of consultants possessing the necessary knowledge. Thus,
the need in developing new mathematical tools for studying the financial behavior
of traders and for helping them achieve their investment goals seems obvious, and,
since the use of these tools will likely affect the behavior of stock exchanges, the
development of these tools presents interest for both society and financial science.

A game-theoretic approach to studying trader’s financial behavior, which has suc-
cessfully been applied in studying phenomena in the nature and society in general,
and particular results in studying classes of games with nonlinear payoff functions
on convex polyhedral sets of player strategies [6] seem promising in solving large-
scale problems that the traders face in strategizing their everyday transactions,
especially taking into account the simplicity of interpreting the strategies (obtained
as a result of solving these games) in the stock exchange terms [7].

At the same time, the above-presented survey suggests that even if particular
effective tools for developing financial strategies of a trader existed, not all the
traders would use them. For quite a number of traders, especially for those who
have only recently started interacting with a stock exchange and do not have enough
experience, their own intuition is likely to remain the most reliable tool in making
financial decisions. For these traders, as well as for all the others who would like
to detect the dynamics of values of which financial instruments they can forecast
most accurately, the tools allowing any interested trader to estimate her chances
to succeed in including a particular financial instrument in her portfolio seem
indispensable. The availability of such tools may allow many of those who think
about trading in a stock exchange to avoid unjustified risks of investing in general
or those with respect to particular financial instruments both in the short term and in
the long run.
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3 Detecting the Ability of a Price-Taking Trader to Divine
Future Price Values of a Financial Instrument
and to Succeed in Using this Ability in a Standard
and in a Margin Trading

The ability of a trader to divine the price value dynamics of a set of particular
financial instruments traded in a stock exchange matters a great deal in forming her
optimal portfolio. However, even for a person gifted in divining either future values
of any time series in general or only those of time series describing the dynamics
of particular financial instruments with a probability exceeding 50 %, it is clear that
this ability as such may turn out to be insufficient for successfully trading securities
either in a long run or even in a short period of time. Thus, tools for both detecting
the ability of a potential trader to divine the values of the share prices of, for
instance, securities from a particular set of securities with a probability exceeding
50 % and testing this ability (from the viewpoint of a final financial result that the
trader may expect to achieve by trading corresponding financial securities within
any particular period of time) are needed. These tools should help the potential
trader develop confidence in her ability to succeed by trading particular financial
securities and evaluate whether this ability is safe to use in trading with risks
associated with the margin trading at least under certain leverage rates, offered by
brokers working at a stock exchange. It seems obvious that, apparently, no tools can
guarantee in principle that the results that they produce are directly applicable in a
real trading. However, they may (a) give the interested person (i.e., a potential trader)
the impression on what she should expect by embarking the gamble of trading in
stock exchanges, and (b) advise those who do not display the ability to succeed in
trading financial securities (either in general or in a margin trading with a particular
leverage) to abstain from participating in these activities.

The above-mentioned tools for testing the ability of a trader to divine the upward
and downward directions of changing the value of the share price of a financial
security and those for evaluating possible financial results of trading this security in
a particular stock exchange consist of two separate parts. The first part (for testing
the trader’s ability to divine) is a software complex in which (a) the trader is offered
a time series describing the dynamics of the price value of the security share for
a particular financial security that interests her, and (b) her prediction made at the
endpoint of a chosen segment of the time series is compared with the real value
of the share price of this financial security at the point next to that endpoint. It is
clear that to estimate the probability of the random event consisting of correctly
predicting this value of the share price, one should first find the frequency of correct
answers offered by the trader (provided the trials are held under the same conditions)
and make sure that the outcome of each trial does not depend on the outcomes of
the other trials (i.e., that the so-called Bernoulli scheme [17] of conducting the trails
takes place). If these conditions are met, one can calculate the frequency of this event
as a ratio of the correct predictions to the total number of trials, and this ratio can
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be considered as an estimate of the probability under consideration [17]. A possible
approach to making the trials independent of each other and to securing the same
conditions for the trials may look as follows: one may prepare a set of randomly
chosen segments of the time series having the same length and let the trader make
her prediction at the endpoint of each segment proceeding from the observation of
the time series values within the segment.

The second part of the testing tools (for estimating possible final financial results
of trading a particular security with a detected probability to divine the directions of
changing the value of the share price of this security) is also a software complex in
which trading experiments can be conducted. For instance, the trader can be offered
a chance to predict the direction of changing the value of the share price of a security
at any consequent set of moments (at which real values of the share price of the
security constitute a time series) and to choose the number of shares that she wishes
to trade (to buy or to sell) at each moment from the set. By comparing the results of
the trader’s experiments with real values of the share price of a security from the sets
(time series segments) of various lengths at the trader’s choice, she concludes about
her potential to succeed or to fail in working with the security under consideration.

Finally, the complex allows the trader to make sure that at each testing step
(i.e., at each moment ¢) of evaluating financial perspectives of working with each
particular financial security of her interest, the probability with which the trader
divines the value of the share price of this financial security at the moment #+1 does
coincide with the one detected earlier (or at least is sufficiently close to it). This
part of the software is needed to avoid unjustified recommendations on including
a particular financial security in the trader’s portfolio if for whatever reasons, the
above coincidence (or closeness) does not take place.

4 Finding Optimal Trader’s Strategies of Investing
in Standard Financial Securities. Model 1: The Values
of Financial Securities Are Random Variables
with Uniform Probability Distributions

In considering the financial behavior of a price-taking trader who at the moment ¢
wants to trade financial instruments that are traded in a particular stock exchange,
two situations should be analyzed.

Situation 1

The trader does not possess any financial instruments at the moment ¢ while
possessing a certain amount of cash that can be used both for buying financial
instruments and for borrowing them from a broker (to sell the borrowed financial
instruments short).
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Situation 2

The trader has a portfolio of financial instruments, along with a certain amount
of cash, and she tries to increase the value of her portfolio by selling and buying
financial instruments of her interest, as well as by borrowing them from the brokers
(to sell the borrowed financial instruments short).

To simplify the material presentation and to avoid the repetition of parts of
the reasoning to follow, in Model 1, which is studied in Sect.4, Situation 2 is
considered first. Moreover, it is assumed that the trader’s portfolio consists of
financial securities only; cases in which derivative financial instruments are parts of
the trader’s portfolio are not considered in this paper. Remark 1 at the end of Sect. 4
explains how the model developed for finding the best investment strategy of the
trader in Situation 2 (Model 1) can be used in finding such a strategy in Situation 1.

4.1 Notation

Let

N = {1,2,...,n} be a set of (the names of) financial securities comprising the
portfolio of a trader that are traded in a particular stock exchange and interest the
trader;

fh<...<t<t+1<t+2<...Dbe asetof the time moments at which the
trader adopts decisions on changing the structure of her portfolio;

m, be the amount of cash that the trader possesses at the moment ¢;

W, be the total value of the trader’s portfolio at the moment ¢ (in the form of cash
and financial securities), i.e., the trader’s welfare at the moment ;

s;. be the spot value of the share price of financial security i at the moment ¢, i.e.,
the price at which a share of financial security i is traded at the moment 7 at the stock
exchange under the conditions of an immediate financial operation;

v;, be the (non-negative, integer) number of shares of financial security i that the
trader possesses at the moment ¢.

The following four assumptions on how the trader makes decisions on changing
her portfolio at the moment ¢ seem natural:

1. The trader possesses a confirmed (tested) ability of estimating the probability p;
with which the future value of the share price of financial security i may change
at the moment ¢ + 1 in a particular direction for each i € 1,n, ie., the ability
to predict whether this value will increase or will not increase. (See some of the
details further in Sect. 4.)

2. At each moment ¢ (from the above set of moments), the trader can divide the set
of financial securities N into three subsets I;", I, I? for which N = I;" UL~ UIP,
andIFNI- =0, NI =0,I7 NI° =@, where

I" is the set of financial securities on which the trader is confident that the
values of their share prices will increase at the moment 7 + 1 (so she intends to
buy securities from this set at the moment ),
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I is the set of financial securities on which the trader is confident that the
values of their share prices will decrease at the moment # + 1 (so she intends to
sell securities from this set at the moment 7),

10 is the set of financial securities on which the trader is confident that the
values of their share prices will not change at the moment ¢ 4+ 1 or will change
insignificantly (so she does not intent to either sell or buy securities from this set
at the moment 7).

3. For buying financial securities from the set I, , the trader can spend both the
available cash and the money to be received as a result of selling financial
securities from the set I;” at the moment ¢, as well as finances that the trader
can borrow from any lenders (if such finances are available to the trader).
Analogously, for selling financial securities from the set i € I, the trader may
use her own reserves of this security (of the size v;,), as well as to borrow a
certain number of shares of this security from a broker to open a short position
(if this service is available to the trader from the broker);

4. The trader does not undertake any actions with financial securities from the
set I°.

To simplify the mathematical formulation of problems to be considered in this
section of the paper in the framework of Model 1, in the reasoning to follow, it is
assumed that the trader (a) works only with shares and bonds as financial securities
(called standard securities further in this paper), and (b) puts only market orders,
i.e., those that can be implemented immediately, at the spot market prices.

4.2 The Statement and Mathematical Formulation
of the Problem of Finding a Trader’s Optimal Investment
Strategy

Let at the moment ¢, the trader have a portfolio of standard securities v;;,i € 1,n
and a certain amount of cash m, so that her welfare at the moment ¢ equals W, =
m;+ Y | VisSi;. The problem of finding optimal investment strategies of the trader
consists of choosing (a) the numbers of shares of securities xit (integers) from the
set I;* to buy (about which the trader expects the increase of the values of their share
prices at the moment ¢ + 1), (b) the numbers of shares of securities x;, (integers)
from the set I;” in her current portfolio to sell (about which the trader expects the
decrease of the values of their share prices at the moment 7+ 1), and (c) the numbers
of shares of securities % (integers) from the set I, to sell, which are to be borrowed
from a broker at the value of the share price equaling s;, to open a short position at
the moment ¢ with the return of these securities to the broker at the moment 7 + 1 at
the share price value s;,4; (for which the trader expects the inequality s;, > ;41

to hold), to maximize the increment of her welfare at the moment # + 1.
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The welfare that the trader expects to have at the moment ¢ + 1 thus equals

Wit = sz Sip+1 T+ Z (vig +x; ;)Sz +1+ Z (viy — i_,t)si.z+1+

iel? ,e]t i€l

c— Y XSt Y xS+ Y 5 — sitn) |

161, i€l i€l

where the first three summands determine a part of the trader’s welfare formed by
the value of the securities from her portfolio at the moment ¢ 4+ 1, and the last
summand determines the amount of cash remaining after the finalization of all the
deals on buying and selling securities by the moment # 4 1, including the return of
the borrowed securities to the broker.

The (positive or negative) increment of the trader’s welfare that she expects to
attain at the moment 7 + 1 compared with that at the moment ¢ after the completion
of all the transactions equals

AWy = Z Vi (Sig+1 — i) + Z (Vir + %5 (Si0r1 — si0)+

iel} iert

+ Z (Vie = X ) (Sip1 — Sip) + Z 2 (Si = Sis41)-

i€l i€l

Here, viy, Siy, my, i € I,Jr , I are known real numbers (the numbers v;, are
integers), and the numbers s;,41, i € I,Jr , I are the values of random variables.
Further, it is assumed that the values of the share prices of securities i,j € N at the
moment 741 are independent random variables.

The trader conducts her transactions taking into consideration the following
constraints:

1. The numbers of shares of financial securities bought, sold, and borrowed are
integers,

2. xj,, the number of shares of security i sold from the trader’s portfolio, cannot
exceed the available number of shares v;, of this security that the trader possesses
at the moment ¢, i.e., the inequalities

xi_J E Uj.[,l. 61[_,

hold (one should notice that if the trader plans to sell any number of shares of
security i that exceeds v;;, then she borrows the number of shares of this security
z;, from a broker to open a short position to sell security i in the number of shares
additional to the number Vir),
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3. the limitations on the accessibility to the capital to borrow while using a credit
with a particular (credit) leverage cannot be exceeded; these limitations may be
described, for instance, by the inequality

n
S st Y s [t Y | <& (m iy ) |

iert i€l i€l i=1

Here, k; is the size of the credit leverage, the first two summands on the left hand
side of this inequality represent the sum of the total expenses bore by the trader at
the moment ¢ (that are associated with buying securities in the market and with the
trader’s debt to the brokers who lent her securities from the set /;” to open a short
position). The third summand (on the left hand side of the above inequality) reflects
the amount of cash that the trader will possess as a result of selling securities from
the set I, that the trader has as part of her own portfolio at the moment ¢. The right
hand side of the inequality reflects the maximal amount of money (that is assumed
to be) available to the trader for borrowing with the credit leverage of the size k;,
and this amount depends on the total amount of the capital that the trader possesses
at the moment ¢ before she makes any of the above-mentioned transactions. One
should bear in mind that particular mathematical relations reflecting the limitations
on the accessibility of a particular trader to the capital to borrow may vary, and such
relations much depend on the situation in the stock exchange at the moment ¢ and
on the ability of the trader to convince particular brokers to lend her securities and
on the ability to convince particular lenders to lend her cash (or on both).

It is also assumed that in making investment decisions at the moment ¢, the
trader proceeds from the value o of a threshold, determining whether to make
transactions in the stock exchange in principle. That is, she makes the transactions if
the inequality W,4; > oW, holds, meaning that the trader tends to keep the level of
the ratio of her welfare at every moment compared with that at the previous moment
not lower than a particular value « of the threshold, « > 0.

4.3 Transforming the Problem of Finding an Optimal
Investment Strategy of a Trader into an Integer
Programming Problem

Let at the moment ¢, the trader be able to estimate s7'%, and /""" |,

a segment to which the values of the share price of security i € I U I U I° will
belong at the moment ¢ + 1 (based upon either the previous data or any fundamental
assumptions on the dynamics of the value of the share price that this security may
have). If the trader can make no assumptions on a particular probability distribution
of the values of the share price that security i may have within these boarders, it is
natural to consider that these values change upwards and downwards (with respect to

the boarders of
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the value s;,) as continuous random variables u and v uniformly distributed on the
segments [s;,, s77y,] and [s7 in "t 1> Si], respectively, with the probability distribution

densities

1
e, fu € [sis, 8] ],
filw) = q Sivkr 7 Si
0, if ué [sie il
1
Sis _smm ’ lfve[lf'i‘l’slt]
L) = Ll

0. if v lsihy. sidl-

Thus, if the trader assumes that the value of the share price of security i will
increase at the moment 74 1 compared with its current value, i.e., that the inequality
Sis+1 > iy will hold, then the expectation of the value of the share price that this
security will have at the moment ¢+ 1 equals Ms; .| = m% On the contrary, if
the trader assumes that this value of the share price will decrease at the moment 7+ 1,
i.e., that the inequality s;,+; < s;, will hold, then the expectation of the value of the

min

+ L,
share price that security i will have at the moment ¢ 4 1 equals Ms; ;4| = %S'

Finally, if the trader cannot make either assumption about the value of the share
price that security i will have at the moment ¢ + 1, it is natural to consider that
the value of the share price of this security will not change, i.e., that the equality
MS,"H_] = Sit+1 = Siyt will hold.

If at the moment ¢, the trader expects with the probability p; that the value of the
share price of security i will increase at the moment ¢ + 1, i.e., that the inclusion
i € I" will hold (event A;), then the expectation of the value of the share price
that this security will have at the moment 7 + 1 assumes the value %, and
the probability of the event A; equals p;. Otherwise, two events are possible at the
moment ¢ + 1 : (a) the value of the share price of security i at the moment ¢ + 1 will
decrease (event A;), and (b) the value of the share price of security i at the moment
t + 1 will remain equal to the one at the moment ¢ (event Asz), and it is natural to
assume that these two events are equally possible with the probability %

Thus, the expectation of the value of the share price that security i € I,” will have
at the moment 7 + 1 can be calculated proceeding from the probabilities of the three
incompatible events A, A,, A3, reflected in Table 1.

If at the moment ¢, the trader expects with the probability p; that the value of the
share price of security i will decrease at the moment 7 + 1, i.e., that the inclusion i €
I will hold, then the reasoning similar to the previous one allows one to conclude

Table 1 The values of the N
conditional expectation M(si+1/Ar), i € 1;

M(Si.t+1/Ak)vi € It+7k € 1773 P(Ak) pi 1—pi 1—=pi
! 2 2

i

oy gmax n
sia S St i
2

[N}
£
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Table 2 The values of the i max

conditional expectation M(si+1/By), i €1, @ w% Sit
M(Si.,_t,_l/Bk),l Glt ,kE ],3 P(Bk) D % 1;2[’:
Table 3 The values of the min max
conditional expectagion o M(si41/Cr), i €17 | si % m_%
M(S,'Y[+1/Ck),l EIt,ke 1,3 P(Ck) i % %

that the expectation of the value of the share price that security i € I;- will have at
the moment ¢ + 1 can be calculated proceeding from the probabilities of the three
incompatible events By, B, B3, reflected in Table 2.

Finally, if the trader expects with the probability p; that for security i the inclusion
i € I° will hold at the moment 7 + 1, the expectation of the value of the share price
that security i € 1° will have at the moment 7 + 1 can be calculated proceeding from
the probabilities of the three incompatible events C;, C5, C3, reflected in Table 3.

Thus, in the above three cases for security i to belong to one of the three subsets
of the set N, the expectations Ms; .4 are calculated as follows [17]:

Sia + 814 n 1 —p; 1”;11‘*‘3!!_‘_ 1 —p;

Msi 11 = pi 5 7 7 3 siniell,
m s 1—p; Siz + 574 1—p;
1 t Pidit 141 p . -
Msi.t+l =p; i+ 5 i + 5 i o1 5 it+ + 5 lsi,zal c 1; ’
1—p; ST + 5 1 —p; Siy+ 57
Msigor = pisiy + —— Lttt Doy DEPOOM T Akl g o,

2 2 2 2

Certainly, generally, the trader can make any particular assumptions on the
regularities that probability distributions of the future values of the share prices may
have for securities from the sets I;", I, I° at the moment ¢ + 1 (for instance, that
these distributions will be normal). Such assumptions may let her more accurately
calculate the expectations of the values of these share prices using the same logic
that was employed under the assumption on the uniform distributions of these
values.

To calculate an optimal trader’s strategy of changing her portfolio at the moment
t, one should choose the value of the threshold o and formulate the problem of
finding such a strategy as, for instance, that of maximizing the expectation of the
portfolio value increment, provided all the constraints associated with this choice
hold. In the simplest case of such a formulation, one can assume that (a) the trader
deals with and is interested in only those securities that are present in her portfolio
at the moment 7, (b) she may buy securities only from the set I, and she may sell
securities only from the set /;, and c) the trader does not make any transactions
with securities from the set Il0 (see assumption 4 at the end of Sect. 4.1). Then, this
maximization problem can be formulated, for instance, as follows [7]:



Optimization of Portfolio Compositions for Small and Medium Price-Taking Traders 73

MIAW 1] = D viMsiper —si) + ) i + 5 ) Msippr —si) + (1)

iel? ielt
+ Z (viy — x;) (Msi 11 — Siy) + Z Z;(Sie — Msj+1) — max.
i€l i€l

D viMsiprr Y (Vi XIMsier + Y (Vig = x)Msi 1+

iel? el i€l
5 Xhsio + E X Sia + E 23, (Sie — Msi 1) >a<mt+ E vns,,>,
tEI, i€l i€l i=1
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Z X8 + Z ZigSic — | M+ Z X Sie | < ki (m, + Z Ui,rsi,t) ,

iEI,+ i€l i€l i=1
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programming one in which x;

where x i€ 1, » Zip» 1 € I, are integers. This problem is an integer

ielt,x i€l ,andz;,i€ I are the variables.

Lt Lt 1,t°

Generally, (a) the set of standard securities N (which contains N as a subset)
that are of the trader’s interest may include those that are not necessarily present
in her portfolio at the moment #, and (b) the trader may proceed from the estimates
of Ms; 4, for all the securities from the set N and make decisions of changing the
composition of her portfolio based upon the values of the differences Ms; ;4| — s;;
for all of these securities (so that assumption at the end of Sect. 4.1 does not hold).

Let the trader divide the whole set N of standard securities that interest her at the
moment ¢ into the subsets / ,+ s I,_, and IO where I; [T is a set of standard securities for
which the trader believes with the probablhty pi > 0.5 that the share price values
that these securities will have at the moment 741 will increase, f,‘ is a set of standard
securities for which the trader believes with the probability p; > 0.5 that the share
price values that these securities will have at the moment ¢ + 1 will decrease, and
f? is a set of standard securities for which the trader believes with the probability
pi > 0.5 that the share price values that these securities will have at the moment
t + 1 will not change.

Let the trader know the boarders of the segment [s/}f |, 57" |] within which the
value of s;,41,i € I U I U I will change at the moment 7 + 1 while the trader
can make no assumptions on a particular probability distribution that the value of
Si1+1, considered as that of a random variable, may have (within these borders).
Then, as before, it seems natural to assume that this value changes upwards as a
continuous random variable u uniformly distributed on the segment [s; ;, s/, ] and
changes downwards as a continuous random variable v distributed uniformly on the
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segment [s7, ,’ " 1 8i]. The latter assumption allows one to calculate the expectations
Ms; ;+1 in just the same manner this was done earlier for standard securities from
the set V.

First, consider standard securities that the trader may be interested in buying,
including securities with particular names that some of the standard securities in her
portfolio have. Let [, € I\, < I, and I’ C I? be the sets of standard securities
for which the differences Ms;,+; — s;, are strictly positive. If at least one of the
three sets IA,+,IA ; »and f? is not empty, the trader may consider buying new standard
securities from the set /. Fu f,‘ U I? at the moment ¢.

Second, consider standard securities that are already in the trader’s portfolio at
the moment #. Let I} (av) C I}, I7 (av) C I, I°(av) C IV be the sets of names
of the standard securities that the trader possesses at the moment ¢, and let v;, be

the number of shares of standard security i, i € f:r (av) U ft_(av) U If) (av). Let

IA[+ (av) C 1~,+(av), ft_(av) C IT(av), and f?(av) C I?(av) be the sets of i for which
the differences Ms; ;41 — s;, are strictly positive.

It is clear that the trader may consider a) holding the standard securities from the
sets f;r (av), ft_ (av), and i? (av), and b) selling all the standard securities from the
sets I+ (av) \ I} (av), I; (av) \ I7 (av), and I?(av) \ I’(av) and borrowing standard
securities from these sets from brokers. Since the trader believes that selling
standard securities, in particular, from the sets I~,+ (av) \ f,+ (av), i,_ (av) \ ff (av),
and iO (av) \fo (av) short leads to receiving the money | that can be spent, particularly,
for buying new standard securities from the sets / ,‘", I ., and IAO (provided these sets
are not empty), the trader needs to find an optimal investment strategy of changing
her portfolio. This problem can be formulated as follows:

MAW 1] = xb Msipr — i) + D xik (Msip1 — i) + (2)

iefit Sh
ZX,T (Msis+1 — sis) + Z Vi (Msi 41 — Sig) + Z Vie(Msi i1 — Sis) +
i€l ieﬁ_(av) i€l (av)
Z Vi (Msi 41— 5is) + Z Zi (8 — Msj 1) — max.
i€} (av) @I\ UENIDUENR)

Z x;tMSi.t—f—l + Z x;tMSi.t—i-l + ZX;tMSi.t-i-l +

ieft el ief?
+ Z ViiMSis41 + Z ViiMSis41 + Z ViaMsii+1)+
iefit (av) i€l (av) i€l (av)
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+ Z VirSiy + Z VirSiy + Z VisSiet
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where x;.i € IFUI- U cIF UL U, are the numbers of shares of securities
from the set I* U I U IV that are bought at the moment 7.

As before, the (expected) increment of the trader’s welfare is calculated as the
difference between the expected trader’s welfare at the moment ¢ + 1 as a result of
buying and selling securities in the stock exchange and her welfare at the moment
t (with respect to the activities related to the interaction with the stock exchange).
That is, at the moment 7+ 1, the expected trader’s welfare is a sum of (a) the expected
value of new securities bought at the moment ¢, (b) the expected value of securities
from her portfolio that have been held since the moment ¢, (c) the amount of cash
remaining at the moment ¢ + 1 after spending a part of cash that is available at the
moment ¢ for buying new securities and receiving cash as a result of selling securities
from the set i € (I (av) \ I (av)) U (I (av) \ I (av)) U (I°(av) \ I°(av)), and
(d) the amount of cash expected to be received as a result of selling short securities
borrowed from brokers. This problem is also an integer programming one in which
xhieFUlZ Ul and 7, i e (I \I}) U7\ I7) U (1% \ V) are the variables.

" Both problem (1) and problem (2) can be solved exactly, with the use of software
for solving integer programming problems, if the number of the variables allows
one to solve this problem in an acceptable time.

As is known, in solving applied integer programming problems, integer variables
are often considered as continuous ones, i.e., a relaxation of the problem is
solved instead of the initial integer programming problem, and all the non-integer
components of the solution are rounded-off [61] in line with any methodology. Such
a transformation is mostly used when the constraints in the integer programming
problem have the form of inequalities (which is the case in the problem under
consideration). One should notice that the problem of rounding-off non-integer
solutions in relaxed linear programming problems (with respect to the initial integer
programming ones) and an approach to estimating the accuracy of this rounding-off
are discussed in scientific publications, in particular, in [2].
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Thus, the conditions for the variables to be integer are to be replaced in
problem (1) with those of non-negativity for the volumes of securities to be bought,
sold, and borrowed

+ .ot
x,>0,iel,

X;=20,iel, z;;,>0,iel,
which transforms this integer programming problem into a linear programming one.
Analogously, for problem (2), conditions for the variables to be integer are to be
replaced with those of non-negativity

xhz0ielf UIp Ul 5,2 0ie GFNIHUA NI U@ ND).
Adding these conditions to the system of constraints of problem (2) transforms this
problem into a linear programming one.

Both the system of constraints and the goal function of problem (1) and those
of problem (2) are substantially different. Particularly, there are no inequalities of
the kind X, S vii €17 in the system of constraints of problem (2). Under the
assumptions made in formulating problem (1), the trader may or may not sell all the
standard securities from the set I;". On the contrary, in problem (2), the suggested
division of the set N into the subsets implies that the trader will sell all the standard
securities from the set (I (av) \ I+ (av)) U (I (av) \ I, (av)) U (I°(av) \ I°(av)).

Also, in comparing the mathematical formulations of problems (1) and (2), one
should bear in mind that the trader’s division of the set N into the three subsets I[+ s
I7, 10, for which N = [T Ul Ul and Y NI- =0, NI =0, " NI° =
@, is, generally, purely intuitive and may turn out to be wrong. This division is
not based on any mathematical analysis of either directions of potential changes in
which the share price values of particular securities may move or on any numerical
relations among the probabilities with which these moves may take place and the
limits within which the changes are possible. In contrast, the division of the set N
of standard securities that interest the trader at the moment ¢ into the subsets i,+, I s
and 1~? and dealing only with those securities i from this set for which the differences
Ms; 41 — si, are strictly positive are a result of such an analysis. In the framework
of this analysis, solving problem (2) may, in fact, be viewed as a means for testing
the intuition of an interested trader with respect to her ability to properly choose the
set of securities to consider for potential transactions.

Example 1. Consider security A from the set /;” whose current share price value
(at the moment 7) equals 10.00 US dollars. Let the trader expect that at the moment
t + 1, the share price value of security A a) will be between 10.00 US dollars and
12.00 US dollars with the probability 0.6, b) will be between 2.00 US dollars and
10.00 US dollars with the probability 0.2, and c¢) will remain equal to 10.00 US
dollars (i.e., will remain unchanged) with the probability 0.2.

Then using the above formulae for calculating the expectation of the share price
value for a security from the set /;7, one can easily be certain that the expectation of



Optimization of Portfolio Compositions for Small and Medium Price-Taking Traders 77

the share price value of security A at the moment 7 + 1 equals 9.80 US dollars, i.e.,
contrary to the trader initial analysis, the expectation of the share price value of this
security will decrease.

Example 2. Consider security B from the set /;-, whose current share price value
(at the moment #) equals 100.00 US dollars. Let the trader expect that at the moment
t + 1, the share price value of security B a) will be between 90.00 US dollars and
100.00 US dollars with the probability 0.6, b) will be between 100.00 US dollars
and 160.00 US dollars with the probability 0.2, and c¢) will remain equal to 100.00
US dollars (i.e., will remain unchanged) with the probability 0.2.

Then using the above formulae for calculating the expectation of the share price
value for a security from the set /;, one can easily be certain that the expectation of
the share price value of security B at the moment 7 + 1 equals 103.00 US dollars,
i.e., contrary to the trader initial analysis, the expectation of the share price value of
this security will increase.

Remark 1. 1t is clear that finding an optimal investment strategy of the trader in
Situation 1, one should add the equalities v;;, = 0,7 € 1,nand X, = 0, i € IT tothe
system of constraints of problem (1) and set I;" (av) = @, I, (av) = @, I’(av) = ¢
in the system of constraints of problem (2). Also, one should bear in mind that in
the formulation of problems (1) and (2), it is assumed that the value of the money at
which standard securities are sold at the moment ¢ remains unchanged at the moment
t + 1. However, if this is not the case, it is easy to reformulate problem (2) taking
into consideration the difference in this value.

5 Finding Optimal Trader’s Strategies of Investing
in Standard Financial Securities. Model 2: The Trader
Can Numerically Estimate Only the Areas
in Which the Values of the Share Prices of all the Securities
That Interest Her May Change

Let N be a set of (names of) standard securities that interest a trader at the moment ¢.
Further, let us assume that at the moment ¢, a trader can choose (1) a set of securities
I7 C N whose share price values (as she believes) will increase at the moment 7 + 1
compared with their share price values at the moment ¢, and (2) a set of securities
I € N whose share price values (as she believes) will decrease at the moment 7+ 1
compared with those at the moment ¢. Finally, let the trader correctly forecast that
the share price values of securities from the set /;” will increase with the probability
pt > 0.5 (so that the share price values of securities from the set ;% will not increase
with the probability 1 — p*). Analogously, let the trader correctly forecast that the
share price values of securities from the set I~ will decrease with the probability
p~ > 0.5 (so that the share price values of securities from the set /;~ will not decrease
with the probability 1 — p™).
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If (a) the set of securities N also contains standard securities forming the subset

19 = N\ (I UI"), (b) she believes that the share price values of securities forming
this set may change at the moment ¢ + 1, and (c) she does not have any assumptions
on the direction in which the share price values of these securities will change at the
moment ¢ 4 1, it seems natural to assume that both the increasing and not increasing
of the share price values of these securities are equally possible with the probability
0.5. It is natural to assume that ;" N I7 = 0,17 N 10 =@, and ;' N I° = 0.

Let

x = (x',x7,x?) be the vector of volumes (numbers of shares) of securities from
the set N that the trader intends to buy and to sell at the moment ¢ (based on her

+
beliefs), where xr+ € X,+ C ler’ | is the vector of volumes (numbers of shares)
" — — 1| .
of such securities from the set IV, x; € X; C R|+’ | is the vector of volumes

.. _ 0.
(numbers of shares) of such securities from the set I, and x¥ € X° C R‘+’ i the
vector of volumes (numbers of shares) of such securities from the set /

+ 0
0 1+ \+\1|
vt = Of ) € Y x Yo, x Y, C RY be the

vector whose components are the values of the share prices of securities from
the set N at the moment ¢t + 1 if the trader correctly determines directions

in which the values of the share prices of these securities may change, where

yhievh, c Rll’ s the vector whose components are the values of the share

prices of securmes from the set /7 at the moment ¢ + 1 if the trader correctly
determines directions in which these values of the share prices may change (with
the probability p*™ > 0.5), Y1 €Y, C R‘fr’ | is the vector whose components
are the values of the share prices of securities from the set /; at the moment 7+ 1
if the trader correctly determines directions in which these values of the share
prices may change (with the probability p~ > 0.5), and ? 1 € Y? 1 C R‘fr’ol is
the vector whose components are the values of the share prices of securities from
the set /0 at which they will be available in the stock exchange at the moment
t + 1, if the trader correctly determines the areas in which these values of the
share prices may change (with the probability p° = 0.5);

= 170
0 7 110 17
c = @) € 2 xZn x 20, C RY be the vector

whose components are the values of the share prices of securities from the
set N at the moment ¢ 4 1 if the trader incorrectly determines directions in
which the values of the share prices of these securities may change, where

+
zt i ezt w1 C RLI_’ | is the vector whose components are the values of the share
prices of securities from the set /7" at the moment ¢ + 1 if the trader incorrectly
determines directions in which these values of the share prices may change (with
the probability 1 —p™), 41 €724, C R| ! is the vector whose components are
the values of the share prices of securltles from the set /; at the moment ¢ + 1
if the trader incorrectly determines directions in which these values of the share
0
prices may change (with the probability 1 — p™), and z? 1 € Z°0 1 C RLI_‘l is the
vector whose components are the values of the share prices of securities from
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the set 10 at which they will be available in the stock exchange at the moment
t + 1 if the trader incorrectly determines the areas in which these values of the
share prices may change (with the probability 1 — p® = 0.5).

Throughout Sect. 5, the optimality of the strategy to be exercised at the moment
t is understood in the sense of maximizing the value of the trader’ s portfolio at the
moment 7 + 1.

As mentioned earlier (see Sect.4), the trader may consider finding an optimal
investment strategy in two situations: (a) in forming a new portfolio (Situation 1),
and (b) in changing a composition of the existing portfolio (Situation 2). Unlike in
Sect. 5, for Model 2, Situation 1 is considered first, and based upon the analysis of
the results obtained for Situation 1, Situation 2 is considered.

Situation 1

Let the trader possess no securities at the moment ¢, and let N be a set of (the
names of) standard securities that interest the trader at the moment 7. As before, let
N=IrurLul, irni; =0, YN’ =0, I NI° = @, where all the
three sets have the same meaning as described at the beginning of Sect. 4, and let
IN| = [EF| 4+ |17+ 110 = .

It is obvious that if the trader does not possess any standard securities at the
moment #, she can only either buy these securities (by investing cash that she
possesses at the moment #) or borrow money or securities or both (under certain
conditions offered by potential lenders or/and brokers that the trader views to be
acceptable) and use the borrowed money (or/and the money to be received as a
result of selling the borrowed securities short) to invest it in securities from the
set N. With respect to Situation 1, the vectors x;” and x? should be understood as
volumes of those securities (from the set I~ U I°) that are the only securities that
the trader may eventually consider to borrow from brokers to sell these securities
short to receive the above-mentioned cash. However, at the moment ¢, the trader
also has a certain amount of cash (see the description of the underlying conditions
of Situation 1 at the beginning of Sect.4). So her major problem is to find the best
variant of investing all the cash that she can afford to invest in securities (i.e., in
buying securities) at the moment ¢ in such a manner that the value of her portfolio
of securities, which is formed as a result of this investment, will be maximal at the
moment 7 + 1.

Thus, in Situation 1, all the three sets I,", I;", and I° are those from which the
trader may buy securities at the moment #, and the trader forms all these three sets
at any moment ¢ at her own discretion, proceeding from her financial abilities at the
moment . One should also emphasize that if the trader decides to borrow securities
from a broker to sell them short (provided the broker offers such a transaction to
the trader), and the trader can choose which particular securities to borrow within
financial limitations agreed upon by both parties, she will do this in the course of
forming the above three sets.

It is clear that if at the moment ¢, the trader were absolutely sure that the share
price values of all the securities from the set I;" would only increase, the share price
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values of all securities from the set /;” would only decrease, and if the set 10 were
empty, then she would invest all the cash available at the moment ¢ in securities
from the set I;*. The trader would certainly not buy any securities from the set 7,
though she would borrow securities from this set to sell them short at the moment
t (provided such a transaction is offered to her by any broker or brokers) and to
invest the money received (from this selling) in securities from the set I, by adding
the money received to all the cash available to the trader at the moment ¢ (for the
purpose of investing in standard securities). As one will have a chance to be certain,
mathematically, the corresponding problem is a particular case of the problem under
consideration in this section of the paper.

However, in the rest of this section, it is assumed that the trader believes that (a)
the share price values of each of securities from the set /;" may increase only with a
certain probability p*, whereas these values may decrease with the probability 1 —
pt, and (b) there is a non-empty set I of securities for each of which its share price
value may increase or decrease with the same probability p® = 0.5. Analogously,
the trader believes that the share price values of securities from the set /; may
decrease also only with a certain probability p~, whereas they may increase with
the probability 1 — p~.

Examples at the end of Sect. 4 are illustrative of such relations between the values
of the probabilities p™(p* > 0.5), p~(p~ > 0.5), and the values of coordinates of
the vectors from the set X; U X, that the expectations of the share price values
of some securities from the set /" at the moment 7 + 1 are lower than their
current values (i.e., those at the moment ¢), whereas the expectations of the share
price values of some securities from the set I, at the moment ¢ + 1 exceed their
current values. The same reasons are applicable to the set I? as well, which explains
the trader’s interest to securities from this set.

While it seems quite clear how the trader may form the sets X;" and X°, one may
raise a natural question: what should be considered as the set X, in Situation 1? The
trader does not possess any securities at the moment ¢ at all, and she assumes that
if she possessed securities from the set I,”, she would certainly have sold at least
some of them trying to protect her welfare. When the optimality of the strategy to
be exercised at the moment ¢ is understood in the sense of maximizing the value of
the trader’s portfolio at the moment ¢ + 1 (which is the case under consideration in
this paper), at least three approaches to what the trader may view as the set X, are
possible.

Approach 1. Taking into consideration the above-mentioned examples at the end of
Sect. 4, the trader considers spending a part of the available (her own) cash for
buying securities from the set /; at the moment ¢ at the share price values of
these securities that exist at the moment ¢ (while she has no access to credits
in any form), and possible (feasible) variants of allocating this money among
these securities determine the set X; . The determination of the set X;~ should be
followed by making a decision on which securities from the set I,;” (or from its
subset) and in which volumes to buy to maximize the trader portfolio’s value at
the moment ¢ 4 1. (In contrast, choosing particular volumes of securities (to buy
and to sell) proceeding from a particular vector of them in the already determined
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set X; corresponds to considering Situation 2 in which the trader already has
securities from the set X;~ in her portfolio.)

Approach 2. The trader can get a cash credit at the moment ¢ on certain acceptable
conditions, and she is to return this credit at the moment ¢ + 1 or later
(possibly, with some interest in both cases). Once again, taking into consideration
the above-mentioned examples at the end of Sect.4, the trader may consider
spending a part of this credit for buying some securities from the set /; at the
moment ¢ in an attempt to maximize the trader portfolio’s value at the moment
t + 1 in just the same way this is done under Approach 1.

Approach 3. At the moment ¢, the trader borrows securities from a subset of the
set I, from a broker to sell the borrowed securities short at the moment f;
however, she is to return the borrowed securities to the broker (possibly, along
with a certain percentage of the cost of the borrowed securities to be paid to the
broker for using them as a form of a credit from this broker) later than at the
moment ¢ + 1. This move is based on the hope that at the time of returning the
borrowed securities, their share price values will be lower than those at which
these securities were borrowed. The trader uses the money received as a result of
selling the borrowed securities short for buying securities from the set N. Here,
as under Approaches 1 and 2, the trader’s aim is to maximize the value of her
portfolio at the moment 7 4 1, and securities to borrow are chosen from among
those from the set I that are offered by the broker. The trader is interested
in borrowing such securities from the broker whose share price values at the
moment ¢ would allow her to sell these securities at the maximal possible amount
of money to be added to the trader’s cash (that she can afford to spend for buying
securities at the moment #). This borrowing is done with the aim of spending all
the cash (that the trader can spend for buying securities from the whole set N at
the moment ¢) to maximize the trader portfolio’s value at the moment 7 + 1.

Thus, under any of these three approaches, one may consider that at the moment
t, the trader has a certain amount of cash that she can spend in forming her portfolio
in such a manner that this portfolio would have the maximal market value at the
moment ¢ + 1. (Here, some strategies of allocating a portion of the cash available
at the moment ¢ for buying some securities to be returned to the broker (or to the
brokers) later than at the moment ¢ + 1 can be exercised.) It is the allocation of
this cash either among securities from the set ;% only (and taking the risk shown in
examples at the end of Sect. 4) or among securities from the set ;" U I U I° that
determines the set X, .

Let us first consider Situation 1 assuming that one of the above three approaches
to determining the set X,  is used, which means that no matter what particular
approach is employed, taking into consideration examples at the end of Sect. 4, the
trader chooses which securities to buy from all the three sets I;", I, and 1° to form
her portfolio.

Further, let at each moment ¢ the trader proceed from the existence of linear
constraints of the balance kind imposed on the components of the vector x;,
including bilateral constraints-inequalities imposed on each component of each
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of the three vectors forming the vector x,. It is natural to assume that these
constraints, which, in particular, reflect the trader’s financial status at the moment
t, are compatible. The presence of such constraints allows one to consider, for
instance, that the sets X, (the set of feasible values of the vector x;7), X, (the
set of feasible values of the vector x;7) , and X? (the set of feasible values of the

+
vector x?) are formed by the vectors from subsets of convex polyhedra M;" C ler’ ‘,

M C le_’ I, and M? C R‘fr’ol, respectively. In this case, each of these three polyhedra
is described by a system of compatible linear constraints binding variables forming
vectors from the corresponding space only, and the above-mentioned subset of the
polyhedron is determined by the requirement for all the coordinates of the vectors
from this subset to be non-negative integers so that (a) the above mentioned subsets
take the form M;" = {x} € ler’ﬂ CBYxt > dt xt e Q‘fr’ﬂ}, M7 ={x] € lel :
B x; > d,x; € Qli_‘}, and M? = {x0 € R‘ﬁ)l :BYYY > d0 X0 € Q'iol}, where
B, B, BY are matrices, d;", d;", d° are vectors of corresponding sizes, and Q’; isa
direct product of k sets of the set of all non-negative integers O, and (b) X;, a set of
feasible values of the vectors x; = (x;7, x;,x¥), has the form X, = M;" x M, x M?.
According to the assumptions on the bilateral constraints-inequalities, the sets
Mt M;, and M? are either subsets of the corresponding parallelepipeds or coincide
with them.

However, generally, the sets of feasible values X,+ , X, , and Xt0 may be
determined by a set of linear equations and inequalities binding together the
variables being coordinates of all the vectors x;", x.~, and x¥ so that X, (the set of
feasible values of the vectors x;, = (x,+ ,xt_,x?)), may have the form X, = M, =
xx € R\ : Bxy > dix; € Q' } C Mt x M x M?, where each of these three
sets is non-empty and contains the zero vector. Analogously, it is natural to assume
that each of the sets Y:_l, Yt:_l,YtOJrl and Z;fH, Zys Zto+1 is a (non-empty) convex
polyhedron, since the values of the share prices of securities from the set N are non-
negative, real numbers bounded from above. Finally, let the trader believe that at
each moment ¢, the directions in which the values of the share prices of securities
from the set N may change are “connected” within each of the three sets ;*, I, and
I°. Here, this “connection” is understood in the sense that the values of the share
prices of all the securities from the set I}t will change in one and the same direction
at the moment 7 + 1, and the same is true for the values of the share prices of all
the securities from each of the two sets I, and I°. Also, let the trader believe that
the share price values within each of the sets Y:rl, Yt_+1,Yt0+1 and Z:H’ Zys Z;)+1
change independently of those in the other five sets.

At each moment, one may view the interaction between the trader and the stock
exchange in Situation 1 as an antagonistic game between them. In this game, a
strategy of the trader is to choose a) how many shares of securities from the sets I,
I7, and I° should be bought at the moment ¢, and b) how many shares of securities
from the set N to borrow from a broker to sell them short at the moment ¢ (see
Remark 3 at the end of Sect.5) with the intent of both types of the transactions
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to form her portfolio with the maximum possible value at the moment ¢ + 1. The
stock exchange’s strategy in this game is “to choose” the values of the share prices
of securities from the set N the most unfavorably to the trader. This game can be
viewed to be analogous to the game with the nature in which “the nature” (the stock
exchange in the game under consideration) may offer the trader the most unfavorable
combinations of the values of the share prices that securities from the sets I,Jr N
and I may assume at the moment ¢ + 1 (while the trader chooses the volumes
of security shares to buy from each of these three sets at the moment 7). These
combinations (of the share price Values) are chosen in the form of vectors from
the (non-empty) convex polyhedra Y,% |, ¥ ,Y?, and Z, |, Z7,, Z°, |, and (as
mentioned earlier) vectors from these convex polyhedra are chosen independently
of each other.

The structure of this game allows one to find an optimal trader’s strategy by
solving a mixed programming problem. Finding an upper bound of the trader’s
guaranteed result in this game can be done by solving linear programming problems
forming a dual pair [6].

Theorem. There exists an antagonistic game describing the interaction between the
trader and the stock exchange at each moment t, and this game is the one on (non-
empty) sets of disjoint player strategies one of which is X, = M; = {x, € R,
Bux, = d,x, € Q%) € MY x M7 x M?, and the other is 0,41 = {wi41 € R} :
AW, > by} with the bilinear payoff function (x;, D;w;+1), where

Dy D1 —p*t) 0 0 0 0
D, = 0 0 D'y D1 —p7) 0 0 .
0 0
0 0 0 0 DLy DIl (L)

xo= (x5, 20 € Xy, wigy = (w:_l,wt__i_l,w?_‘_l) €041 = Gt'_’;lx@;le?_H, D, is
a (|EH [+ 1|+ 10D < 2([LF | 4 |17 | 4 11°]) matrix, DV is a (|1) x |1|) diagonal matrix
all whose elements on the main diagonal equal x, X; is a set of the trader’s strategies
041 lsaset of the stock exchange strategies, 0,5, = Y} | xZ |, 0;_1 =Y, XZZ_H,
QIO_H +1 X Zz+1 are (non- empty) convexpolyhedra wj_',_l (-yt+1’Zt+l) €6 r+1’

Wit = Oeaqn) € O30 Wiy = 0741.240) € 602y are vectors, Qy is the
set of all non-negative, integer numbers, Q', is a direct product of n sets Q-+, and
the payoff function is maximized with respect to the vector x and is minimized with
respect to the vector w,11. In this game, an optimal trader’s strategy is the one at
which the maximin of the payoff function of the game is attained, and finding the
exact value of this maximin is reducible to solving a mixed programming problem.
Finding an upper bound of this maximin is reducible to solving linear programming
problems forming a dual pair [7].

Proof. Let us first assume that the set of trader’s strategies X, is a direct product
of the three subsets of vectors with all integer components from disjoint polyhedra

+
Mt M7 and MY, ie, X, = X x X7 x X0 = Mt x M x M? in the spaces ler’ ,
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I~ 10 . A it
R|+’ l, and R‘+’|, respectively, where M;" = {x, € R|+’ L. Bfxt >dt x € Q|+’ |},
— - =l = — - - 1~ + _ 4.0 21 . po.0
M7 ={x]7 € R} :B/x; >d ,x; € Q) },and M]" = {x; € R} : B)x] >
0 .0 1]
d’,x; € Q) '}

1. Let us consider securities forming the set ;% at the moment ¢. If the trader
correctly forecast directions in which the values of the share prices of securities
from this set may change, then a) by buying securities from the set /;' in the
volumes (numbers of shares) being components of the vector x;F, and b) by
expecting the values of the share prices of these securities at the moment ¢ + 1
to be components of the vector y:Sr], the trader would hope to invest the money
available to her at the moment ¢ in such a manner that would maximize the value
of the part of her portfolio (associated with securities from the set ;") at the
moment ¢ + 1. Here, the trader’s best investment strategy in the game with the
stock exchange (with “the nature”) with respect to securities from the set X;
consists of choosing such volumes of securities from the set I;" to buy that can
be found by solving the problem

min  (x ,y;:_l) — max,

vhert, xtex;

If the trader did not correctly forecast the directions in which the values of the

share prices of securities from the set /;” may change, i.e., if the values of the

share prices of securities from the set I;r did not increase at the moment ¢ + 1,

the best investment strategy of the trader in her game with the stock exchange

with respect to securities from the set X; would be determined by solutions to
the problem

min  (x}t.zh ) > max .
ezt xtext
Since the trader correctly forecasts the directions in which the values of the
share prices of securities from the set I~ may change only with the probability
p™, the worst financial result of the trader’s choice of the volumes of securities
from the set ]t+ to be bought at the moment ¢, i.e., the worst financial result
of choosing the vector x € X' at the moment ¢ by the trader, can be

viewed as a discrete random variable taking the values miny+ eyt (xt, y;:L 0
t+1 +1

and min_ + _+ (xF.z% ) with the probabilities p* and 1 — p*, respectively.
zt_HEZ[_H
It is clear that an optimal trader’s strategy in the case under consideration may

consist of choosing a vector x € X that maximizes the expectation of this
discrete random variable. If this is the case, the optimal trader’s strategy is found
by solving the problem

+ minJr (x,'",y;:_l) + (1 —p+) erinJr (xf,zj_'i_l) — max

+ +oxt
Vr1€Y 41§25 x; €X;
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One can easily be certain that the equality

max |:p+ minJr (xj',y:fH) +(1-=pH) +min+ (xf,z;:_l)j| =

F oyt +
X €X, V1€ 41§24

+
max |: min ( Dll’ |(p"’)yt+ ) + m1n (xt+,D|1' ‘(1 —p+)z;:1):|
)C,JFGX,Jr .",+1€Y:—1 t+1 T&-

holds, and since the vectors y;" | and z;", | from the sets ¥;% | and Z;% | are chosen
independently of each other, the following equalities also hold:

. . +
max min ( Dllf ‘(p+) H_1) 4+ min (xj',DII' |(1 —p+)zl“:_l) =
X1+€Xl+ yHrIGY:r thlezfil

+ +
. I I
max |: min, (x,+,D|’ lpHD!" (1 —p+)(y;fH,Zt"_‘H))i| =
oot | ot S+
x €X' | 0 ~r+1)e x+1 Z4,

+
: + P2t + +y,F
max |  min (x; Dt 1 —p Wi |s
x €X' | wi,€6,

where wi, = (yt+1,zt+]) o= Yhox zZh, DMt 1 — pt)

W'(p*)D”f (1 —pH), pii'l (p*) is a |[F| x |I;7| diagonal matrix all whose
elements on the main diagonal equal p™, D“fﬂ(l —ph)yis a |[[F| x |IF]
diagonal matrix all whose elements on the main diagonal equal 1 — p*, and
D2|’f+|(p+,1 —pT)is a |[F| x 2|I;"| matrix formed by accessing the matrix
DW'(] — p™) to the matrix D|1f+|(p+) from the right.

2. Let us consider securities forming the set I,” at the moment ¢. If the trader
correctly forecast directions in which the values of the share prices of securities
from this set may change, then a) by buying securities from the set /;” in the
volumes (numbers of shares) being components of the vector x;”, and b) by
expecting the values of the share prices of these securities at the moment ¢ + 1
to be components of the vector y,, ;, the trader would hope to invest the money
available to her at the moment ¢ in such a manner that would maximize the value
of the part of her portfolio (associated with securities from the set 1,7) at the
moment ¢ + 1. Here, the trader’s best investment strategy in the game with the
stock exchange with respect to securities from the set X;” consists of choosing
such volumes (numbers of shares) of securities to buy that can be found by
solving the problem

min (5735, & max
Yit1€Yi4 X €X;
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If the trader did not correctly forecast directions in which the values of the
share prices of securities from the set I, may change, i.e., if the values of the
share prices of securities from the set I~ did not decrease at the moment ¢ + 1,
the best investment strategy of the trader in her game with the stock exchange
with respect to securities from the set X;- would be determined by solutions to
the problem

_mi?_ (x; .z, y) — max

L1844 x; €X;
The reasoning analogous to the one presented in part 1 of this Proof lets one write
the expression for the expectation of the worst financial result of the trader’s
decision to buy securities from the set /;” in the volumes (numbers of shares)
determined by the vector x; in the form

_min_ (xl_,Dzllrl(p_, L—pT)w ).
wl+1€<9t+]

Under the assumption on the optimality of the trader’s strategy that was made
with respect to securities from the set It+ , one can be certain that the trader tries
to maximize her expected financial result associated with choosing the vector
X, € X; by solving the problem

max min (x_,Dzllf_l(p_,l—p_)w_ ),
voeXy |wieby, t+1

where w o, = O350 040 = Yo X Z,, pUlp= 1 —p7) =
DI p™)D (1 — p7), DI I(p7) s a |I7| x |I7| diagonal matrix all whose
elements on the main diagonal equal p~, DV I(1 —p7)isa |77| x |I| diagonal
matrix all whose elements on the main diagonal equal 1 —p~, and D2l -, 1-
p~)isa|l| x 2|I]| matrix formed by accessing the matrix DII(1 — p7) to the
matrix DI (p~) from the right.

. Let us consider securities forming the set I° at the moment ¢ for which the trader
determines the direction in which the values of their share prices at the moment
t + 1 may change with the probability p° = 1/2. The best investment strategy
of the trader in her game with the stock exchange with respect to securities from
the set 1,0 would be to choose the volumes (numbers of shares) of securities from
this set that are determined by solutions to the problems

: 0.0
, min (X, Y1) — max .
V1€Y1 X €Xy

and

min  (x°, 2% ) — max .
0 g0 o5l 0cx0
L1441 Xy ©A&¢
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A reasoning similar to that presented in parts 1 and 2 of this Proof allows one
to write the expression for the expectation of the financial result associated with
choosing (buying) by the trader the volumes (numbers of shares) of securities
from the set I° (being components of the vector x°) in the form

. 0 20,0 0y,.,0
min (xl,D‘fl(p,l—p)wH_l),
wl, e
t+1-"+1

Under the same assumption on the optimality of the trader’s strategy that was
made with respect to securities from the set /7 and I, the trader tries to
maximize this minimum by choosing the vector x? € X° as a vector component
of a solution to the problem

0 0 0 0
X €Xp | wiyy €0z+l

max |: min (x?,Dle?I(pO, 1 —po)w?+l)j|,
where wi = Ofy.24) 04 = Y, x Z),. D01~ pY) =
DI DI(1 —p®), DIF (%) is a |19] x |I°] diagonal matrix all whose elements
on the main diagonal equal p°, D|’?|(1 —pY) is a [I°] x |I°| diagonal matrix all
whose elements on the main diagonal equal 1 — p°, and D*#'1(p°, 1 — p°) is a
[1°] x 2|1°] matrix formed by accessing the matrix plr’ I(1 = p°) to the matrix
D1(p°) from the right.

4. Since the financial results of choosing the volumes (numbers of shares) of
securities from the sets I;t, I, and I° are random variables (since the trader
forecasts the directions in which the values of their share prices at the moment
t + 1 will change within the polyhedra Y% |, Y7 .Y?, | and Z1 |, Z7 |, Z°,
only with certain probabilities), the expectations of the worst compound financial
result is a sum of the above three expectations [17].

Let the matrix D, have the form

DM (p* 1 —pt) 0 0
D, = 0 DXl (p= 1 —p7) 0 =
0 0 D2|1?\(p0, 1 _pO)
DIy DI (1 —pt)y 0 0 0 0
= 0 0 Dy Dl (1 —p7) 0 0 .

0 0 0 0 pIPI(Ly pil(ly
while x, = (x,x;7,x%) belongs to the set X,, and w,1; = (wj_'H,w;rl,w?H)
belongs to the convex polyhedron 6,; = 0:_1 X 05, x 6t°+1. Further, let
linear inequalities describing the convex polyhedron 6,47 = {w,y; € R2+" :

Aw,11 > b} be compatible so that A,, B, are matrices, and b,, d; are vectors of
corresponding dimensions, whose elements are formed by the coefficients of the
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above two compatible systems of linear equations and inequalities. Then, when
the trader chooses a particular vector x, from the set X;, the expectation of the
compound worst financial result determined by this choice can be calculated as

min  {(x;, D;w,41).
Wi 1€041

5.Letnow X, = M, = {x, € R, : Bx, = d;,x; € Q".} C M;" x M; x M,
where B, is a matrix of a general structure, not necessarily corresponding to the
structure of the set M; = M;" x M; x M? as a direct product of subsets of the

0
three polyhedra from the spaces RV’ ! RII | , and ler’ ‘, respectively. This means

that the system of linear equations and mequalities in the description of the set
M, contains at least one that binds together components of all the three vectors
xt, x7, and x0.

Let the trader choose the vector x, = (x}',x;7,x%) € X;. Depending on in which

direction the share price values of securities from the sets /7, I, and I” may change,

the trader may obtain the following worst financial results:

+ ,+ + + " +
1. min Wt ert {(x;", ¥y ,) or min ezt (x;". 75, ;) for securities from the set /;",
2. mlnyr+|eyr+1

0 0 ; 0,0 it 0
3. mm}0+ e, (X7, yryq) or mino ez (x{, 2., ) for securities from the set /;’.

(X7, y3,) or manHHEZHrl (x;",z,;) for securities from the set /;”,

According to the (earlier made) assumptions on the sets Y: AR S _H,Y " and Zt T

0
Ziv1s

Zitrs
(a) non-empty convex polyhedra in each of which all the components of the vectors
belonging to the sets I;7, I, and 1°, respectively, change in one and the same
direction, and
(b) the direction of changing the values for all the components of the vectors y,“fH,
y;l,y?H and zj_'H, a1 z?H are chosen (by the stock exchange) randomly,
with the probabilities p™, p~, p® and (1 — p™), (1 — p7), (1 — p), respectively,
independently of each other for all the components of these six vectors,
the above six worst financial results can be viewed as the values of three

random variables £+, £, £°.

Each of these three random variables is, in turn, a discrete random variable
with two possible values for each variable. That is, the discrete random variable
£T assumes the values min, + EY+ (7. vt ,) and m1n+ e (x;7.zh ) with

the probabilities p* and 1 — p™T, respectively (since, in hne W1th assumption a),
the probability with which all the components of those vectors whose components
belong to the set I, hit the sets ¥;%, and Z}, with the probabilities p* and
1 — p™, respectively). Analogously, the discrete random variable £~ assumes two
values min,— ey, (x7.y;,) and ming ez, (x;",z,) with the probabilities p~
and 1 — p~, respectively, whereas the discrete random variable £° assumes two
values miny?+]er’+] (x?,y?_H) and minz?+]ezf’+] (x?,z?H) with the probabilities p°

and 1 — p°, respectively.
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Since the expectation of the sum of the random variables £+, 7, £0 equals the
sum of their expectations [17], the equality

MEY + &7 + £ =p"( min_ ("yf )+ 1 —pH)( min (. gh )+
yt—H EYH-I Z1+1 eZ{-H
p ( min (x .y )+ A —p)(_min {x7.z,)+
Vi1 eYt-ﬁ-l L1 GZH—I
P( . mino () + (1 =p°)( . min (", 2)},))
yt+leyr+1 ZrJrlE +1

holds, which, in line with the notation from the formulation of the Theorem, takes
the form

MEEY + & +E= min (x, Dwey1)
Wr+1€9r+1

for any x; € X,.

6. It seems natural to consider that the best trader’s choice of the vector x, is the
vector at which the maximin

max |: min  (x,, th,+1):|
X E€X; [ wit1€041

is attained. Though all the components of the vector x, are integers, the same
logic that was applied in [6] in finding the maximum of the minimum function
similar to the above one (but with all the components of the vector variable under
the maximum sign assuming non-negative, real values) allows one to be certain
that the equality

max | min (x;, Dw,y1) | = max max (br, Ze+1)
X €X; | Wi41€0r41 X €X; Zr+l€{2r+120 3Zz+1Ax§XtDz}

holds. Indeed, since the set 6,11 = {w;+ € Rﬁ’ : Apwi+1 > by} is a (non-empty)
convex polyhedron so that the linear function (x;, D,w,+;) attains its minimum
on this convex polyhedron for any x; € X, the set {z;+; > 0 : z,41A; < x,D;},
which is a set of feasible solutions to the linear programming problem that is dual
to the problem min,, 4, , {X;, D:Wi+1), is nonempty for any x; € X; [60]. Thus,
in both problems

(x;, D;w;+1) = min
Wi 1€0r41

and

{br 2141) — max )
241 G{ZH—I 205Zt+1Ar§XtDt}



A.S. Belenky and L.G. Egorova

which form a dual pair of linear programming problems for any x, € X;, the goal
functions attain their extreme values at certain points of the sets 6,41 = {w,4+; €
Ri” AW > b} and {741 = 0 : 7,414, < x,D,}, respectively, for every x; € X;

due to the duality theorem of linear programming [60]. Thus, the equality

min (x, Dyw, 1) = max (bry Ze41)
Wi41€041 21 €421 = 0:2 4 1A <x: Dy}

holds for every x; € X;, and since the set X; is finite, the equality

max | min (x, D;w,y1) | = max ax (bsy Ze41)
X €Xr | Wi1€041 Xt €Xe | zy41€{z4120:241 4, <x, Dy }
also holds, which means that the equality
max min  (x, Dowit1) | = max max (broz1) |
X €X; |:W1+1€91+1 v ERY B =drx €0 } | a1 E4a41 201541 A =<x,Di}

where O is a set of all non-negative, integer numbers, and Q" is a direct product
of n sets Q4+, holds. This means that the value

max | min (x;, Dw41)
X EM; | Wig-1€0,41

can be found by solving the problem

(bs, 2141) — o max .
{(XT,Z,+1)€R+XR+IB,Xer,,ZH_1A;§X,D[.X[EQ+}

where m is the number of rows in the matrix A,, which is a mixed programming
problem.

. It is clear that if the numbers of securities in the sets 1,+ , 17, and It0 are large,
solving this problem may present considerable difficulties. At the same time,
since the values of components of the vector x; usually substantially exceed 1,
one can consider these numbers as non-negative, real ones, solve the problem of
finding

mag(|: min (x,,D,th)]
x €M, LWi+1€041

with the vector variables x;, belonging to the above-mentioned convex polyhedron
M, = {x; € R, : Bix; > d,}, which contains the set M; (and is described by a
compatible system of linear equations and inequalities), and round off all the non-
integer components of the vector x; in the solution in just the same way it was
mentioned in Sect.4 in considering problems (1) and (2). Thus (if the number
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of shares in the trader’s portfolio is large), the trader may decide to calculate
the above maximum of the minimum function, which is an upper bound for the
number max,,ey, [miny,, ,eq,, (. Dywi+1)]. The value of this upper bound is
attained at a saddle point of an antagonistic game on the convex polyhedra M,
and 0,4 with the payoff function

(-xts DtWt+1)- 3)
Let

0= {(xz,hz) >0:mA; < xDy, Bix, > dz},

Pip1 = {1, m41) 2 0t 1By £ —Diwig1, Awegr = by

Then the optimal values of the vectors (x,)* and (w,4+)*, forming a saddle
point of function (3) on the set M, x 6,1, are found as components of the solution
vectors to linear programming problems

(b, hy) > max
(xr.h)EQr

(—d;, m141) — min )
(Wi-1,7T14-1) EP 141

forming a dual pair.

If ((x)*, ()™, (Wi+1)*, (7r,41)*) is a solution of the above pair of linear
programming problems, then the values of the vectors (x)*, (x7)* and (x?)*,
where (x)* = ((xF)*, (x7)*, (x%)*), are completely determined by the values of
the vector (x,)* [6]. The Theorem is proved. |

Remark 2. As mentioned in the course of proving the Theorem, all the variables x,
are integers so that the value of the maximin of the function (3) when x; € M,—
which is attained at a saddle point of the game on the sets M, and 6,4, with the
payoff function (x,, D;w,y) that is maximized with respect to x € M, and is
minimized with respect to w,y; € 6,41—is only an upper bound of the maximin
of this function when x; € M,. Also, as shown there, finding the exact value of this
maximin is reducible to solving a mathematical programming problem with mixed
variables and a linear goal function. However, it is clear that solving this mixed
programming problem within an acceptable period of time may present considerable
difficulties for the problems with sizes being of interest for both theoretical studies
and practical calculations while solving linear programming problems in finding a
saddle point of the game on M, x 6,4, with the payoff function described by (3)
does not present any computational difficulties in such calculations. Moreover,
quickly finding an upper bound of the maximin of the function (3) may interest
small and medium price-taking traders for their practical calculations the most.
Also, in theoretical studies of the interaction between a trader and a stock exchange
(to which the present paper belongs), traditionally (see, for instance, the seminal
publication of Markowitz [33]), volumes of shares to be bought and sold by a
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trader are assumed to be non-negative, real numbers (variables). Finally, generally,
the coefficients in the systems of linear equations and inequalities describing the
convex polyhedra that participate in the mathematical formulation of the mixed
programming problem under consideration are known only approximately. With
all this in mind, the replacement of the problem of finding the exact value of the
maximin of the function (3) when x, € M, with finding an upper bound of this value
seems justifiable in practical calculations.

Situation 2

There are two cases to be considered in Situation 2. In the first case, the trader
does not have any intent to keep particular securities that she possesses at the
moment ¢ (either based on her own beliefs or at someone’s advice), whereas in the
second case, the trader has this intent with respect to particular securities. It is clear
that in the first case, to estimate what portfolio would have the maximum value at
the moment ¢ + 1, the trader should first estimate the total cash that she would have
if she sold all the securities from her portfolio at the moment ¢ proceeding from the
share price values that these securities have at the moment ¢. Then the trader should
solve the same problem that she would solve in Situation 1 in forming a portfolio (a)
proceeding from the total amount of cash available to her at the moment #, and (b)
taking into account that she can borrow cash and/or securities from a broker to be
returned later. If the borrowed cash or securities should be returned later than at the
moment 7+ 1, then in the first case of Situation 2, finding the trader’s best investment
strategies (in the sense of maximizing the value of her portfolio at the moment 7+ 1)
is either reducible to solving a mixed programming problem (for finding the exact
value of the maximin of the function (3) when x, € M;) or to finding saddle points in
an antagonistic game (for finding an upper bound of the above-mentioned maximin)
that are similar to those considered in finding such strategies earlier, in Situation 1.

In the second case of Situation 2, one can easily show that the considered game of
changing the portfolio of securities is formulated as the game on the sets M;" x M, x
Mf’ or M, and 6,41 = {w,4 € R%f : Apwiy1 > by} of the player strategies with the
payoff function (x;, D,w,+1) + {q, w;+1). Here, g € R%f is a particular vector, A;, B,
are matrices, and d,, b, are vectors of corresponding dimensions. Their elements are
formed by coefficients of compatible systems of linear equations and inequalities of
the balance kind that describe sets of feasible values of the variables forming the
vectors x; and w4 . Two subcases should then be considered.

In the first subcase, the trader does not borrow any securities (from a broker)
from the set I;".

+ = 10
- |+ |+
Let v, = (v;7,v7,00) € R‘+‘ HIEHI be the vector of volumes (numbers of

shares) of securities from the set N that the trader has in her portfolio at the moment
t and would like to keep at the moment 7 + 1 for whatever reasons. As in the Proof
of the Theorem, let us first consider the case in which X, = X" x X7 x X° =

+ — 0
_ . il I .
Mt x M7 x M? in the spaces RL_‘ ) R|+’ | and R|+’ |, respectively, where Mt ={x €
la |

. a4+ + - - . — - -
R " :B'x" >d"x, € Q) '},M ={x;7 € R} :B x; >d; . x; € Q) '},
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10 I
and M? = {0 € R‘ ¥ :BYX0 > d0, X0 e l |} Then the optimal trader’s strategy of
choosmg the Volumes of securities from the set X;" to buy is found by maximizing
the expectation of the discrete random variable

pt min  [(xFoyf) + (o yE ) ]+A-pT) ,min [(F.z5) + (o 28 )],
viert, hezh

which describes the expectation of the financial result associated with buying

securities from the set /;".
Since the equality

max |pt  min ((xf,y;’__H) + (vt ,_H)) + (- min ((x,Jr.z,-_ﬁ_l) + (vf,z,-:_l)) =
it ext ek, ~:J~rHEZjH
. +
= max | min_ ((. 0 M) + 0ot f))+
,x,+ EX,+ Y:H EY:_]

min+ ((xﬁ'.D"’Jrl(l—P+)Z,JfH> + (1 —ph)y, ’Zztrl))]

+
44 1€Z4

holds, and the since the vectors y;, | and z%, | from the sets Y;; | and Z', | are chosen
independently of each other, the equalities

+
max | min (R DT PE) + 0Tk )+
X €X )’1+16Y1+1

+ min (( D‘I’ |(1 - +)Zl+1) (A=p +)vt ’ZH—I)) =
+
L41€2 0

+
= max_ min (RO + 0Tk ) +
X €X; (‘1+1 ,+1)e 1+1><Z+

i DI = p gt ) + (- p g ] =

= max | min_ (( DAty - +)wt+1)+((p+v;r,(l—p+)v;r),w;:_l)) ,

x,+ EX,+ W:_IEOH_l

hold.
Analogously, the maximum of the expectation of the financial result associated

with buying securities from the set I, at the moment 7 can be written as written as

max min ((xt_,Dzll’_‘(p_, L—pw ) +{p v, , (1 _p_)vt_)’wt_-i-l)> )

X €X [ wi €6,
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whereas the maximum of the expectation of the financial result associated with
choosing (buying) the volumes of securities from the set I° can be written as

. 0 2|10 11 0 1 0 1 0 0
sl I (“"’D " (5’ 5) Vo) <(5”~zvr W)

Thus, if the trader’s best strategy of choosing the volumes of financial securities
from the set M, is understood as that maximizing the expectation of the financial
result associated with buying securities being components of the vector x; € X;" x

X; x X?, this strategy can be found by calculating

max[ min (Do) + 0 w))} ,
X €Xr | Wi1€0,41

where g = ((pTv;t, (1 —pH)v"), (v, (1= p)vy), (307, 300)).

In just the same way this was done in the course of proving the Theorem, one can
be certain that this strategy remains optimal if X, = M, = {x, € Ry : Bix; > dp, x; €
Q" } C M;" x M; x M?, where B, is a matrix of a general structure, not necessarily
corresponding to the structure of the set M, = M;" x M; x M? as a direct product

+ —
of the above-mentioned subsets of the three polyhedra from the spaces ler’ l, ler’ ‘,

0
and RLI_‘ l, respectively (see earlier in Sect. 5).
One can easily be certain that the equalities

max | min  ((x;, Dowip1) + (g wit1)) | =
X EM; | Wit 1€0,41

- R, 'Bmi); " |: >0: ma;(< D (bl’ZH_l)] N
{xeRY Buizdi €0l } | {z120:241A <6 Di+q}

= max (bts t+1 )
{(xt, 2441)=0: Bex;>dy, z4-1A:<x:Ds+q. X,GQ:_}

hold for both types of the structure of the set X, = M, so that the maximin

max [ min  ((x, D;wi+1) + (q, Wt+l>)j|
X €My [ wi4-1 €041
is found by solving a mixed programming problem of finding the maximum of
the linear function (b;,z,4+1) on the set {(x;,z+1) = 0 : Bx;, > d;, 71414, <
xD; + q,x € Q% }.

In just the same way it was done in considering Situation 1, if one treats
components of the vector x; as non-negative, real numbers, finding the maximin

max |: min  ({x, Dwit1) + (l],Wr+1))] ;
{X,GRV_','_ZB,X,E([,} Wi 1€6i41
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which is an upper bound of the maximin

max min  ((x, Dyweg1) + (g, wit1) |
X €M | Wi1€0i41

is reducible to finding a saddle point in the antagonistic game on the sets of player
strategies M, and 60,+1 with the payoff function (x;, D;w,+1) + (g, wi+1)-

A saddle point in this game can be found [6] by solving linear programming
problems

(by, hy) > max
(xr,h)€Q1(q)

(—d,, mi41) + (g wig1) — min ,
Wid-1, 7041 EP 41

forming a dual pair, where Q,(q) = {(x;,h) > 0: hA, < q + x,D;, Bix, > d,} and
Piiv1 = {(Wt+1» Ti41) =2 0 1By < —Dwi 1, AW > bt}~

In the second subcase, the trader borrows securities from the broker to sell them
at the moment ¢ to have additional cash for buying those securities at the moment
t whose share price values she expects to decrease at the moment later than ¢ + 1
(and the trader should return the borrowed securities later than at the moment ¢ + 1).
The only difference between this subcase and the first subcase is in the amount of
cash available for buying securities that interest the trader at the moment ¢, i.e., in
the parameters determining the set M,.

Remark 3. One should bear in mind that both the trader’s guaranteed result and
its upper estimate in her game with the stock exchange determine only the trader’s
investment strategies at the moment #, and they do not determine the total financial
result of applying these strategies. This is the case, since neither the goal function
in the maximin problem nor the payoff function, for instance, in game (3) (when
X, € M,) take into consideration such components of the trader’s welfare at the
moment ¢ + 1 as, for instance, the amount of cash remaining after finalizing all
the transactions associated with buying securities from the sets I;", I and I°.
However, the above-mentioned financial result can easily be calculated based upon
the solutions to the mixed programming problems and games considered for both
Situation 1 and Situation 2.

One should also bear in mind that if the trader borrows securities from a broker,
and she needs to return them to the broker at the moment ¢ + 1, other approaches
to what should be chosen as the set X; are to be considered. The deployment
of such approaches leads to a different structure of the payoff functions in the
games describing the interaction of the trader with the stock exchange, including
the structure of the matrix D,. One can, however, show that in the framework of this
interaction, finding corresponding maximin values or saddle points in corresponding
games can be done based on the same theoretical foundation developed in [6].
Certainly, in some cases, the interaction between the trader and the stock exchange
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is formalized in the form of maximin problems and games of more complicated
structures than those studied in Sect. 5; however, their consideration lies beyond the
scope of the present publication.

Finally, one should notice that by solving either the above-mentioned problem
(i.e., the problem of finding the trader’s guaranteed result or that of finding an
upper estimate of this result), the trader determines which share price values she
should expect to deal with at the moment ¢ with respect to all the standard securities
from the set N. This information can be used, in particular, in making decisions on
borrowing standard securities to be returned to brokers at the moment 7 + 1.

6 Illustrative Examples

The aim of this section is to illustrate how a price-taking trader may make decisions
on forming her portfolio out of standard securities when at the moment ¢, she can
make no assumptions on probability distributions of the values of the share prices
that (standard) securities of her interest may have at the moment ¢ + 1. As shown
in Sect. 5, if, nevertheless, the trader can estimate the areas in which the values of
the share prices of these securities may change at the moment ¢ + 1, game models
of a special kind may help the trader calculate her optimal investment strategies at
the moment ¢ aimed at increasing the value of her portfolio at the moment ¢ + 1.
Particularly, the present section illustrates how the games described in Sect.5 are
formed, and what linear programming problems are solved to find an upper estimate
of this value by calculating saddle points in one of these games with the use of
standard software packages for solving linear programming problems. To this end,
two numerical examples are considered in both situations mentioned in the text of
Sect. 5, and in the description of these examples, the notation from Sect. 5 is used.

As mentioned in Remark 2 (see Sect.5), solving the above-mentioned linear
programming problems lets the trader determine only an upper bound of the
expected increment value of her portfolio by considering volumes (numbers of
shares) of securities to be bought and sold as non-negative, real numbers. Such a
consideration is, however, in line with traditional approaches exercised in theoretical
studies of stock exchanges [33]. Moreover, even from a practical viewpoint— when
the number of different securities that interest the trader is large—solving mixed
programming problems to calculate the exact (integer) numbers of shares for each
(standard) security to buy and to sell to secure the exact value of the expected
increment of the trader portfolio’s value may present substantial difficulties. If this
is the case, finding the exact numbers of shares of the above-mentioned standard
securities will hardly interest the traders in making decisions on forming and
managing their investment portfolios.

In just the same way as in Sect.5, in the illustrative examples to follow, the
optimality of the trader’s investment strategy is considered in the sense of the value
of her portfolio at the moment 7 + 1.
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6.1 Illustrative Example 1

Consider a trader who plans to interact with a stock exchange by forming a portfolio
of financial instruments. Let us assume that at the moment ¢, the trader (a) is
interested in only two particular standard securities that are traded in the stock
exchange (so that N = {1,2} for this trader), (b) does not have a portfolio of
financial instruments traded in this stock exchange (so that v = v, = 0 for this
trader), (c) has the amount of cash equaling m; = 10,000.00 financial units, for
instance, US dollars, and (d) has a broker who is ready to provide her with a credit.
It is assumed that (a) the credit leverage equals k;, = 0.5 for borrowing standard
securities from the broker to let the trader open short positions there, and (b) the
broker is ready to offer the trader securities from the set N (which are the only
securities that interest the trader at the moment ¢) to borrow.

Let at the moment ¢, the values of the share prices equal s; , = 100 US dollars for
security 1 and s, = 50 US dollars for security 2. Further, let the trader believe that
the value of the share price of security 1 will increase at the moment ¢ + 1, whereas
the value of the share price of security 2 will decrease at the moment 7 4 1 so that
It = {1}, 17 = {2} and I’ = @. Moreover, let the trader be confident that the price
values of the above two securities will change the way she believes they will with
the probabilities p™ = 0.6 and p~ = 0.7, respectively. Finally, let the trader adhere
to Approach 3 to the understanding of what should be viewed as the set X~ (see
Sect. 5).

The first step in finding the trader’s best investment strategy is to find out how
much of additional cash she can have as a result of borrowing securities from the
broker and selling them short at the moment z. Further, since security 2 is the only
one that the trader should be interested in borrowing from the broker (hoping that
the share price value of this security will decrease in the future), the trader should
determine how many shares of security 2 she should borrow to sell them at the
moment ¢. It is obvious that since the total cost of the shares of security 2 that the
trader can borrow from the broker at the moment ¢ cannot exceed 5,000,00, and the
share price value of one share of security 2 equals 50.00 US dollars at the moment ¢,
the maximum number of shares of security 2 that the trader can borrow equals 100.

Let x?L and x; be the numbers of shares of security 1 and security 2, respectively,
that the trader plans to have in her portfolio at the moment ¢ + 1, which means
that the trader plans to buy x]+ shares of security 1 and x; shares of security 2 at
the moment ¢. According to the description of the trader’s actions in forming her
portfolio at the moment #, presented in Sect. 5, the trader should estimate how many
shares and of which securities from the set N she should have at the moment 7+ 1 that
would maximize the value of her portfolio at the moment # + 1. It is clear that in this
particular example, one should expect the trader not to buy any shares of security 2.
However, one should bear in mind that, generally, despite the fact that at the moment
t, the trader borrows (from the broker) at least some securities from the set X;” to
receive additional cash, it may happen that the portfolio with the maximum value at
the moment 7 + 1 may include at least some of the securities that were borrowed at
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the moment ¢ (security 2 in the example under consideration). Thus, for the purpose
of illustrating the trader’s actions in the general case, buying both shares of security
1 and shares of security 2 are considered.

As mentioned in Sect. 5, the trader determines the description of the sets X,Jr and
X, at her own discretion, so let the trader describe them with the following system
of linear inequalities (proceeding from her financial abilities at the moment ¢):

x> 0;
x, > 0;

sly,x1+ + s2.0x, < m; 4 5000.

Here, the first two of the above three inequalities reflect the condition of non-
negativity of the transaction volumes, whereas the third one puts the limit on the
volume of securities 1 and 2 that the trader can buy with her own money and with
the money to be received from selling at the moment ¢ shares of security 2 (borrowed
from the broker).

Thus, M, = {x; € R2+ : Bix, > d,}, the set of the volumes of securities 1 and 2
that the trader can buy at the moment ¢, where x; = (left,xZ_J) = (x1+, x5 ), is such
that

1 0 1 0 0 0
B, = 0 1 = 0 1 |.d = 0 = 0 ,
—S1: —S24 —100 —50 —m; — 5000 —15000

and the inequality

1 0 0
0 1 (xf',xz_) > 0
—100 =50 —15000

holds (see Sect.5). To simplify the notation in the description of the illustrative
example to follow, let also

N e S S
Y41 = V1o Vo1 = V2o L1 T 25 241 =22

While x, = (x1+,x2_) is the vector of the trader’s strategies in her game with the
stock exchange (see Sect. 5), the strategies of the stock exchange can be represented
by the vector w,+; = (y1+, zfr,yz_, 2, ) whose components are the (expected) values
of the share prices of securities 1 and 2 at the moment ¢ + 1. Here, y[", y7 are the
(expected) values of the share prices of securities 1 and 2 at the moment ¢ + 1,
respectively, if the trader has correctly predicted directions in which the values of
these two securities will change, and zl+, z, are the (expected) values of the share
prices of securities 1 and 2 at the moment 7 + 1, respectively, if the trader has failed
to predict these directions correctly.
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Let the trader believe that the maximum and the minimum values of the share
prices of securities 1 and 2 at the moment 7 + 1 will be s7'7} | = 115, 5773 | = 65,
s’l”’t’jrl =75, 5’2’“[”+1 = 35 US dollars, respectively. Further, let the trader put stop
orders on the above maximum and minimum price values of securities 2 and 1 at
the moment 7+ 1 to avoid unexpected financial losses associated with increasing the
value of the share price of security 2 beyond 557, | and with decreasing the value of
the share price of security 1 below s’l’f‘;ﬂl, respectively. Then, 6,41 = {w;4| € R‘_‘|_ :
Aw, 1 > b}, the set of possible strategies of the stock exchange in the game, can
be described by the system of inequalities

max

+
St = Y1 = S141s

min +
STir1 =21 =S

min —
S2 01 = Yo =824,

— max
820 =2 =S54

which takes the following vector-matrix form:

100 0 S1a 100
10 0 0 e —115
010 0 gin 75
a0 ro o s [ -100]
001 0 gain_ 35
0 0 —10 s, 50
00 1 $2.s 50
00 0-1 —S30t1 —65
100 0 100
“10 0 0 ~115
010 0 75
0-10 0 _ =100
0 0 1 o |0TE [
0 0 —10 ~50
000 1 50
00 0 —1 —65

According to the Theorem (see Sect.5), the payoff function of the game between
the trader and the stock exchange takes the form (x,, D,w,t1), where

b _(pt1-pT 0 0 \_ (06040 0
! 0 0 p l—p 0 0 0703)°
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To simplify the notation further, let
his=hy, hoy = hy, h3; = h3, ha; = hy, hs; = hs, he; = he, h7; = hy, hg; = hg,

and let
T 4+1 = UL, 02441 = U, T3 441 = U3.

As shown in Sect. 5, saddle points in the game under consideration can be found by
solving linear programming problems

100h — 115k, + 75h3 — 100h4 + 35hs5 — 50h¢ + 50h; — 65hg —

— max s )
(b1 2. hs i hs g o it o)
hy —hy < 0.6x],
hy —hy < 0.4x],
hs —he < 0.7x5,
hy —hg < 0.3)62_,
—100x]" — 50x; > —15000,
hi >0,i=1,8,
xl+ >0,x, >0,
and
15000u3 — min , (5)

(ur,u2,u3 ;y[hz["',yz_ )

uy — 100u; < —0.6y;H — 0.4z,
uy — 50uz < —0.7y; — 0.3z,
100 <y < 115,
75 <z < 100,
35 < y; <50,
50 <z, <65,

uizO,iz 1,3,

forming a dual pair.
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Solutions to problems (4) and (5) were found with the use of a computer program
implemented on the Maple 7 computing platform, which includes software for
solving linear programming problems. These solutions are

X =150,x; =0,

hy =90,hy =0,h3 =60,hy =0,hs =0,hg =0,h; =0,hg =0,
for problem (4), and

uy = 0,142 = O,I/t3 = 09,

yi =100,z =75,y; = 35,2, = 50,

for problem (5).

Thus, the trader’s optimal strategy consists of (a) borrowing from a broker 100
units of security 2 and selling them at the moment ¢, and (b) buying 150 units of
security 1 at the moment 7. As a result of the deployment of this optimal strategy,
the expectation of the value of the trader’s portfolio at the moment ¢ + 1 equals
13500.

6.2 Illustrative Example 2

Consider now a trader who interacts with a stock exchange by maintaining a
portfolio of financial instruments and who at the moment ¢ (a) is interested in six
particular securities that are traded in the stock exchange, (b) has a portfolio of
financial instruments that consists of only these six securities so that the numbers of
shares of these securities in her portfolio at the moment ¢ equal v; = 10, v, = 30,
vy = 50, v4 = 0, v5s = 4, vg = 12, respectively, (c) has her own cash at the amount
1 of m, = $1000, and (d) has a broker who is ready to provide her with securities
traded in the stock exchange for opening short positions there with the leverage
ke = 2.

Let the share price values of these six securities at the moment ¢ be 50, 90, 10,
22,49, and $50, respectively, and let the trader believe that the share price values of
securities 1 and 2 will increase at the moment ¢ + 1 (with the probability p* > 0.5),
whereas the share price values of securities 3 and 4 will decrease at the moment
t + 1 (with the probability p~ > 0.5). Further, let the trader believe that share price
values of securities 5 and 6 may increase or decrease (with the same probability
p’ = 0.5) so that I = {1,2}, I7 = {3,4} and I = {5,6}. Moreover, let the
trader be confident that the share price values of securities from the groups I;7 =
{1,2}, I7 = {3, 4} will change the way she believes they will with the probabilities
pt = 0.56, p~ = 0.6, respectively. Finally, let Table 4 reflect the trader’s estimates
of the maximum and the minimum share price values of all the six securities at the
moment 7 + 1.
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Table 4 Parameters for security prices

1 |2 3 /4 |5 |6
Current price value 50 |90 |10 |22 |49 |50

Minimal expected price value of |40 |75 8 |18 42 |30
the security at the moment ¢ + 1

Maximal expected price value of |60 | 120 |13 |25 |53 |70
the security at the moment ¢ + 1

As in Illustrative Example 1, throughout Illustrative Example 2, it is assumed that
(a) the trader adheres to Approach 3 to the understanding of what should be viewed
as the set X; ", and (b) the trader’s goal is to maximize the value of her portfolio at
the moment 7 + 1.

First, consider case 1 in Situation 2 (see Sect. 5) in which the trader does not plan
to keep at the moment 7 + 1 particular securities that she possesses at the moment ¢
in her portfolio. In this case, the trader should estimate the total amount of cash that
she may have by selling all the securities that she possesses at the moment ¢ at their
current price values (that exist on the market at the moment ¢), which equals

10 x50 4+30x 90 +50x 10 + 0 x 22 44 x 49 4 12 x 50 4 1000 = 5496.

Consider the first subcase of case 1 in which the trader does not plan to borrow
any securities from the broker.

Should the trader use systems of inequalities analogous to those from Illustrative
Example 1 for describing the set of her feasible strategies M, = {x, € Ri : Bix; >
d;} and the set of those for the stock exchange 6,41 = {w;4+; € Ri AW = by,
one can easily be certain that the matrices and the vectors in the description of the
sets M, and 6,4 and in that of the payoff function (x,, D,w,4) are as follows:

1 0 0 0 0 0 1 0 0 O 0 O
0 1 0 0 0 0 o 1 o0 o0 o0 o
0 0 1 0 0 0 o o 1 0 0 o0
B, = 0 0 0 1 0 0 = o o0 o 1 o0 o],
0 0 0 0 1 0 o o0 o0 o0 1 o0
0 0 0 0 0 1 o 0 o0 0 o0 1
—S1t —S2¢ —S34 —S4s —S5; —S6. —50 =90 —10 —22 —49 —50

d, = (0,0, 0.0.0,0,—m, — Y v,,ts,,,) =(0,0,0,0,0,0, —5496),

iEN
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1 0 000 0 0O0O0O0O0O0
-10 0 0 0OOO O O O 0 O
o1 0 00 O0O0O0O0O0OO0O0
0-10 0 0 0 O O O OO0 O
001 0 0O0OOO0OO0TO0OTO0OTUO0
0 0-10 0 0 0 O0O0O0OTO0OTUO
0O 001 00 O0O0O0OO0TUO0TO0
0O 0 0-10000O0 0 0 o0
o0 001 0O0O0O0O0O0O0
0O 0 0 0-100000 00
0000 O0O1O0O0OO0TUO0OTUO0OTO0
A = 0 0000O-100D0000
000 0O0OT1TTUO0OO0OTO0OO0OO0]
0O 0 000 0-1000 00
O 0 00 O0O0O0OT1TTUO0OUO0OTO0O0
0O 0 00 O0O0O0-100 00
O 0 00 O0O0O0OO0OT1TTUO0TUO0°O0
0000 OO OO0O-1000
0000 O0OOOOOT1TO0OTQO0
0O 0 0 0O0O0O0O0O0-100
0O 0 0 00 O0O0OO0OO0OO0OT1TO0
O 0 00 O0O0OO0OO0O0O0-10
0O 0 0 0 00 O0 0 0 O0 01
0000 0O OOOO0OTUO0OTO0S-1
by = (s1.6s =S\ (31 526 =S5 141 s;mtr-lf—l —SLt szmtrfl—l —S82.15 Sgrf?zﬂ’ 831 STﬁH —S4.t5

8300 =S L S =Sy S50 ST Sers —SEL L ST =854, SO L —S6,) =
(50, —60, 90, —120, 40, —50, 75, —90, 8, —10, 18, —22, 10, —13,
22,-25,49,-53,50,-70,42,—49, 30, —50),
xo= (0, x xg a1,

—(yt yF o = o~ 0 0 0 0
Wit1 = (J’1 » Y2 521 532 5Y35Y4 523 ,Z47)’5»y6,Z5,Z6),

056 0 044 0 0 O O O O O O O

0 056 0 0440 0 O 0O O O 0 O
D, = 0o 0 O 0060040 0 0 0 O

0 0 0 0 0060040 0 0 0]}

0o 0 O O O 0 0 0050050

o 0 O O O 0O O O 005005
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Here, to simplify the notation in the description of Illustrative Example 2, it is
implied that

. I I - _ .0 _ .0
X1 =X, X200 =Xy, X3¢ = X3, X4 = Xy, X51 = X5, X6 = Xg

The first (prime) linear programming problem in the above pair, which is
analogous to problem (4), contains 30 variables and 19 constraints-inequalities
(besides the inequalities reflecting the non-negativity of a part of the prime
variables for which their non-negativity is not reflected in the above-mentioned 19
constraints-inequalities). The second (dual) problem contains 19 variables and 30
constraints-inequalities (besides the inequalities reflecting the non-negativity of a
part of the dual variables for which their non-negativity does not follow from the
corresponding part of the above-mentioned 30 constraints-inequalities).

The first (prime) linear programming problem is formulated as follows:

50h; — 60hy 4 90h3 — 120hy + 40hs — 50he + 75h7 — 90hg+
+ 8hg — 10k + 18hy; — 22k + 10h13 — 13h14 + 22015 — 25h6+
+ 49h17 — 53h13 + 50h19 — 70hyy + 42hy1 — 4% + 30hy; — 50hyy —

— max ,
(hl,h2,h3,h4.h5-he-h7,h8»h9~,h10,hl1.h12,h13.h14»h15-h16,h17,hls.hw,hzo.hzl»hzz-hzs-,hzzt;xﬁ—,Xj.x;.x;xg,xg)

hy —hy < 0.56x7,
hy — hy < 0.56x7,
hs — he < 0.44x;,
hy — hg < 0.44x7,
hg — hyp < 0.6x3,
hiy — hip < 0.6xy,
iz — hig < 0.4x7,
his — hig < 0.4x7,
hi7 — hig < 0.5x2,
19 — Mo < 0.5,
hoy — hy < 0.5x%,
hys — hag < 0.5xg,
hi>0,i=1,24,
x> 0,05 > 0,07 >0,x; > 0,22 >0,x) >0,

5007 4 900" + 10x5 4+ 22x; + 49x2 + 50x < 5496.
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Here, the last inequality puts the limit on the volumes of securities 1, 2, 3,4, 5, and 6
that the trader can buy with the money that she may have at the moment 7 by selling
all the securities from her portfolio that she possesses at the moment 7.

The second (dual) linear programming problem is formulated as follows:

5496u; — min ,
R TN N e rs TN e oulyulht LR Jee 2671

up — 50u; < —0.56y] — 0.44z;F,
uy — u7 < —0.56y; — 0.44z;,
uz — 10u; < —0.6y5 — 0.4z
uy —22u7 < —0.6y, — 0.z,
us — 49u7 < —0.5y2 — 0.5z2
ug — 50u7 < —0.5y —0.5z0
50 < yi < 60,
90 <y; < 120,
40 < zf <50,
75 <z <90,
8 <y; <10,
18 <y; <22,
10 <z <13,
22 <zy <25,
49 <y? <53,
50 < y? < 70,
42 < 72 < 49,
30 < z¢ < 50,
w>0,i=1,7.
The solution to the first problem is
X =0,x5 =0,x5 =0,x; =0,x} =112.16,x = 0,
By =0,hy=0,h3 =0,hy =0,hs =0,hg =0,h; =0,hg =0,
hg =0,h10=0,h1y =0,h;p =0,h13 =0,h14 =0,h;5=0,h; =0,
hy7 = 56.08, hig = 0,19 = 0,hy0 = 0,hy; = 56.08, hyy = 0,h3 = 0, hpy = 0,
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and the solution to the second problem, which is analogous to problem (5), is

up =O,u2=0,u3 IO,M4=O,L£5=0,M6=O,M7 =093,
i =50,y7 =90,z =40,zF =7539,y; =8,y; =18,z = 10,7, =22,
¥ =49,y2 = 50,72 = 42,20 = 30.

It seems interesting to compare the composition of the trader’s portfolio at the
moment ¢ with the optimal composition of this portfolio at the moment ¢ + 1
proceeding from the expectations of the share price values of all the securities that
are of interest to the trader at the moment ¢. As one can see, the optimal portfolio
composition at the moment # + 1 consists of the following numbers of shares of
securities 1-6:

v = O,Uz = 0,1)3 = 0,1)4 = O,U5 = 112.16,1)6 = 0,
whereas the composition of the trader’s portfolio at the moment 7 is
V) = 10,1)2 = 30,1)3 = 50,1)4 :0,U5 = 4,1)6 =12.

Consider now the second subcase of case 1 in which the trader plans to borrow
securities from the set I, = {3, 4} from the broker to open short positions and to
sell the borrowed securities at the moment ¢, along with all the securities that she
possesses in her portfolio at the moment ¢. The only difference with the first subcase
(of case 1) consists of the amount of cash that the trader may have at the moment ¢
in addition to the amount 5496.00 US dollars, which the trader may have by selling
securities from her portfolio that she has at the moment 7. That is, the amount of
cash that the trader may have as a result of selling securities from the set I, that she
borrows from the broker equals k; (mt + Z:’zl v,;,si,,) = 2 x 5496 = 10992. Thus,
the total amount of cash that trader may have at the moment ¢ equals 3 x 5496 =
16488, and the vector (0, 0,0, 0,0, 0, —16488) is the vector d; in subcase 2 of case 1
in the description of the set M, = {x, € Ri :Bx; > d,}.

The formulation of the prime linear programming problem in subcase 2 of case 1
differs from that in subcase 1 of case 1 only by the last inequality in the system of
its constraints, and this inequality takes the form

500 + 90x; 4 10x3 + 22x; + 492 4 5040 < 16488.
The solution to this problem is
X =0,x =0,x5 =0,x; =0,x =336.49,x) =0,
hy =0,hp =0,hs =0,hy =0,hs =0,h¢ =0,h; = 0,hg =0,
ho =0,h10 =0,h11 =0,h12 =0,h13 = 0,h1a = 0,15 = 0, h16 = 0,
hi7 = 168.24, hig = 0,h19 = 0, hy9 = 0, hy = 168.24, hyp = 0,hp3 = 0,4 = 0.
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The value of the prime problem is equal to 15310.28.

The formulation of the dual linear programming problem in subcase 2 of case 1
differs from that of subcase 1 of case 1 only by the coefficient for the variable u7,
which now equals 16488. The solution to the dual problem is

u = O,Lt2 = 0,M3 = 0,M4 = O,MS = 0,146 = O,u7 = 093,
i =50,y7 =90,z =40,zF =7539,y; =8,y; =18,z = 10,7, =22,
¥2 = 49,y0 = 50,72 = 42,7 = 30.

Consider now case 2 of Situation 2 in which the trader plans to keep at the
moment ¢ + 1 securities that she possesses at the moment ¢ while buying additional
securities 1-6 and using the amount of her own cash that she has at the moment . As
before, two subcases are possible. That is, the trader does not borrow any securities
from the broker (subcase 1), and the trader borrows securities from the set I;” from
the broker (subcase 2).

The only difference between the subcase 1 of case 2 and subcase 1 of case 1

consists of the presence of a linear function (g, w,;) in the payoff function of the
game between the trader and the stock exchange, where

q= (p+v1,p+vz, (1=pH)vi, (1 =pHv.p vs.p vs, (1 = p s, (1 —p7)vs,

1 1 1 1
Evs, Evﬁ, Evs, Ev(,) = (5.6,16.8,4.4,13.2,30,0,20,0,2,6,2,6).

This difference, however, leads to a slightly different system of constraints in the
first (prime) linear programming problem to be solved to determine saddle points of
the game so that this linear programming problem takes the form

50h; — 60hy + 90h3 — 120hy + 40hs — 50he + 75h7 — 90hg+
+ 8hg — 10k + 18hy; — 22h15 + 10h3 — 13h14 + 22015 — 25h6+
+ 49h17 — 53h13 + 50h19 — T0hyy + 42hy1 — 49h5 + 30hy;3 — 50k —

— max ,

(b3 ha hs g by s ho hio bt bz s g s g b his e oo ot o hoa haasxy o xg g a0 40)

hy —hy < 0.56xF + 5.6,
hy — hy < 0.56x] + 16.8,
hs — he < 0.44x] + 4.4,
hy —hg < 0.44x5 + 13.2,
ho — hyg < 0.6x5 + 30,
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by — iy < 0.6x7,

his — hyy < 0.4x5 + 20,

hys — hig < 0.4x7,

hi7 —hig < 0.5x2 + 2,

hig — hyo < 0.5x0 + 6,

hyp — hyy < 0.5x2 + 2,

hys — hyy < 0.5x0 + 6,

hi > 0,i=1,24,

x{" > 0,x§F >0,x3 >0,x; > O,x(s) > O,xg >0,

50x; + 90x; + 10x3 + 22x; + 49x2 + 50x9 < 1000,

and in the goal function in the second (dual) linear programming problem, which
takes the form (see Sect. 5)

1000u74-5.6y7 +16.8y; +4.4z +13.22F +30y5 +20z5 +2y2+6y2+274+-670 —

— min ,
(Ml,uz,us,u4,u5.us.u7;y1+~,y2+.zl+,z2+.y;,y:,z;,z;.yg,yg.zg,zg)

uy — 50u; < —0.56y] — 0.44z;,
1y — 90u7 < —0.56y; — 0.44z7
uz — 10u; < —0.6y; — 0.4z

ug —22u7 < —0.6y, — 0.z,

us — 49u7 < —0.5y2 — 0.572

i — 50u7 < —0.5y% — 0.52)

50 < y{ <60,

90 <y <120,

40 < 7 < 50,

75 <z <90,

8 <y; =10,

18 <y, <22,

10 <z <13,
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22 <77 <25,

49 <y?
50 <2 <70,
42 < 72 < 49,
30 < 70 <50,

u >0,i=1,7.
The solution to the first problem is

X =0,x =0,x5 =0,x; =0,x) =20.41,x) =0,
hy =5.6,hy = 0,hs = 16.8,hy = 0,hs = 4.4,hg = 0,h; = 13.2,hg = 0,
hg = 30,h10 = 0,hy; = 0,h1y = 0,13 = 20, hyy = 0,15 = 0, hys = 0,
hiz = 12.2,hig = 0,hig = 6,y = 0, hyy = 12.2,hyy = 0, hy3 = 6, hpy = 0,

and the solution to the second problem, which is analogous to problem (5), is

u = 0,142 = 0,M3 = O,bt4 = 0,u5 = 0,M6 = 0,u7 = 0.93,
yi =50,y5 =90,z] =40,z5 =7539,y7 =8,y; =18,z = 10,7, =22,
¥ = 49,32 = 50,72 = 42,70 = 30.

Thus, the optimal trader’s strategy consists of buying 20.41 units of security 5
while not buying and not selling other securities from her portfolio at the moment ¢.
The expected value of the trader’s portfolio as a result of the deployment of this
optimal strategy equals 4988.57.

Finally, consider subcase 2 of case 2 in which the trader (a) plans to borrow
securities from the broker, and (b) plans to keep at the moment ¢ 4 1 securities
that she possesses at the moment ¢ while buying additional securities 1-6 and using
the total amount of cash being at her disposal at the moment ¢. As in case 1, the
only difference between the subcase 1 and subcase 2 consists of the total amount of
cash that the trader can use for buying new securities from the set N, which equals
ky (m, + 3, v,;,si,,) + 1000 = 2 x 5496 4 1000 = 11992.

The formulation of the prime linear programming problem in subcase 2 of case 2
differs from that in subcase 1 only by the last inequality in the system of problem’s
constraints, and this inequality takes the form

50x; + 90" + 10x3 + 22x; + 4912 + 50x0 < 11992.
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The solution to this problem is

X =00 =0,x5 =0,x; =0,x) =244.73,x) = 0,
hy =56,h, =0,h3 =16.8,hy =0,hs =4.4,he = 0,h; = 13.2,h3 =0,
hy =30,h10=0,h1; = 0,h12 =0,h;3 =20,h4=0,h5=0he=0,
h17 = 12437,]’!]8 = O,h]g = 0,h20 = 0,h21 = 12437, h22 = O, h23 = 6,h24 = 0

The formulation of the dual linear programming problem in subcase 2 of case 1
differs from that of subcase 1 of case 1 only by the coefficient for the variable u7,
which now equals 11992. The solution to the dual problem is

u = O,u2 = 0,u3 = O,u4 = 0,145 = 0,u6 = O,u7 = 0.93,
yi =50,y =90,z =40,z =7539,y; =8,y; = 18,z; = 10,7, = 22,
Y9 =49,y = 50,22 = 42,20 = 30.

In just the same way it was done in case 1, it is interesting to compare the
composition of the trader’s portfolio at the moment 7 with the optimal composition
of this portfolio at the moment 7 + 1 proceeding from the expectations of the share
price values of all the securities that are of interest to the trader at the moment 7. As

one can see, the optimal portfolio composition at the moment ¢ + 1 consists of the
following numbers of shares of securities 1-6:

V) = 10, Uy = 30, V3 = 50, Vg4 = O, V5 = 24873, Vg = 12,
whereas the composition of the trader’s portfolio at the moment ¢ is
v; = 10,v, = 30,v3 = 50,v4 =0,v5 = 4,vs = 12.

Finding solutions to the dual pair of linear programming problems (to solving
which the finding of the optimal trader’s strategy is reducible) was done with the
use of another specially developed computer program, implemented on Maple 7
computing platform. (As mentioned earlier, in Illustrative Examples 1 and 2, the
number of shares to be bought by the trader can be rounded-off to make them
integers.)

7 Concluding Remarks

1. Studying the financial behavior of small and medium price-taking traders in their
interaction with a stock exchange presents both scientific and practical interest.
As a result of these studies, (a) viewpoints of both researchers of stock markets
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and successful stock market players on how the stock exchange functions, and
(b) their explanations of why the market players act as they do become known.
In addition to that, recommendations on (a) how the market players should act to
succeed, and (b) what decision-making models can be viewed as those adequately
describing the interaction of individual market players with the stock exchange
become available.

The authors believe that currently, two competing viewpoints on what models
should be considered adequate prevail in both scientific and mass media publica-
tions.

Fundamental scientific approaches to mathematically modeling the interaction
of a trader and a particular stock exchange, briefly surveyed, for instance,
in [7], underlie the first one. This viewpoint is based on the belief that an
adequate model is the one of the so-called representative agent, who is rational
in adopting decisions on forming and managing her portfolio of securities
and derivative financial instruments and tries to maximize her welfare. This
belief is accompanied by the assumption that this “rational” agent (a) knows
the probability distribution of the values of future prices for every financial
instrument that is of her interest and is traded in the stock exchange (with which
this trader interacts), and (b) makes her decisions based upon this knowledge.
However, the real life does not seem to support either the above assumption or
the above belief underlying this viewpoint. As mentioned earlier, deviations of
the trader’s financial behavior from a rational one [5, 22, 38], as well as the
inability of even financial analysts to make rational investment decisions and
forecast directions in which the values of the share prices of particular securities
(considered as random variables) will change (under any assumptions on the
probability distributions of the values of these share prices), have widely been
reported in scientific publications [3, 32, 41, 44, 50].

The other viewpoint on the decision-making models adequately describing
the interaction of a trader with a stock exchange is “pushed” by particular “lucky
traders” who have managed to make money on adopting non-standard financial
decisions. Some of them, particularly, N.Taleb [53], even deny the effectiveness
of any economic and mathematical theories describing the functioning of the
stock market for forming a trader’s decision on managing her portfolio. Instead of
adhering to such theories in managing the portfolio of a trader, N. Taleb suggests
the trader to focus her attention exceptionally on the crises that happen in a stock
exchange and in the world. He believes that only at the time of these crises can
a trader expect to attain significant financial results. However, as shown in [1],
at least under quite natural assumptions, a price-taking trader who is capable
of recognizing regular events with a probability even slightly exceeding 50 % is
almost guaranteed to receive a positive average gain. It is clear that attaining such
a result may or may not be the case if all the trader’s activities consist of waiting
for “black swan” events to occur .

The authors believe that both viewpoints on the adequacy of the decision-
making models are extreme, and neither reflects the practice of the interaction
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of a trader with a stock exchange. This state of affairs raises the following two
groups of questions:

(a)

(b)

Can any alternative to the above extreme views on the adequacy of the
decision-making models be proposed? Can mathematical models capable of
facilitating the decision-making process that small and medium price-taking
traders undergo in estimating the expected financial results be proposed?
Can such models work successfully in the absence of knowledge on any
probability distribution of future price values of financial instruments traded
in a particular stock exchange?

Can one propose mathematical models the use of which would allow a
trader (with a confirmed ability to correctly estimate directions of changing
the price values of financial instruments of her interest) to make rational
decisions on the structure of her portfolio at a particular moment ¢ in
principle? Can such models be proposed if the trader can indicate a segment
within which the future values of the price of a particular financial instrument
will change being uniformly distributed? Can one propose such models if the
trader can estimate only the expected areas in which the values of the prices
for the groups of financial instruments forming together the whole set of the
financial instruments of her interest (into which this set is divided by the
trader) may change? Can one develop these models with the use of only the
simplest linear equations and inequalities of a balance type?

The present paper offers positive answers to all the above questions.
However, the authors believe that the proposed mathematical models and
approaches to finding trader’s optimal investment strategies need to be tested
and researched by both economists and other analysts studying financial
aspects of the interaction between a trader and a stock exchange. The
authors consider the tools proposed in this paper mostly as a powerful
instrument allowing interested researchers to study particular aspects of the
stock exchange behavior in the framework of a large-scale decision-support
system. These tools allow one to use the models with millions of variables
and constraints, which distinguishes the authors’ approach to modeling stock
exchanges from those already proposed.

As is well known, global optimization problems are difficult to solve,
and there are no uniform approaches allowing one to find global extrema
in problems mathematically formalizing many of theoretical and practical
optimization problems. Thus, detecting classes of problems in which not
only global extrema can be found in principle, but those in which these
extrema can be found with the use of the most powerful computational
techniques, linear programming being one of them, undoubtedly presents
both scientific and applied interest. As shown in the paper, finding a point
of the global maximum of a particular nonlinear function (the minimum
function on a convex polyhedron described by a compatible system of
linear equations and inequalities) on a subset of another convex polyhedron
formed by vectors with all the coordinates being non-negative integers is
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reducible to solving a mixed programming problem. It was also shown that
finding the global maximum of the above function on this another convex
polyhedron (described by another compatible system of linear equations and
inequalities) is reducible to solving linear programming problems forming a
dual pair.

3. While there are numerous schemes for and approaches to forecasting time
series, the need in tools helping a potential or an acting small or medium
price-taking trader reliably estimate the ability to divine future values of
the share prices of securities remains high. Such tools can save a lot of
money to private investors and even prevent personal financial tragedies. It
is clear that (a) a detected ability to divine future values of the share prices
of particular securities by processing results of the trials according to the
Bernoulli scheme, and (b) the ability to divine the actual values of the share
prices of particular securities in dealing with these prices in real life may not
be the same. So the availability of the tool that allows one to compare both
abilities seems critical at least from a practical viewpoint.

4. In two mathematical models proposed in this paper, the authors assumed
that for all the securities being of interest to a trader, the trader either (a)
can indicate a segment within which the values of the prices of a particular
financial instrument will change being uniformly distributed, or (b) can only
estimate the areas in which the expected values of the prices for the whole set
of financial instruments that interest her may change. However, it is possible
that there are two groups of securities that interest the trader, and for one
group, her ability to divine future values of the share prices of particular
securities corresponds to case (a) from point 3 of this section, whereas for
the other group, the ability to divine directions in which the price values
of securities from this group will change corresponds to case (b) from the
same point of this section. If the trader is firm in dividing financial resources
available to her between these two groups (in dealing with securities from
these groups), then both models can be used separately. If this is the case,
the trader’s optimal investment strategies can be determined by solving
corresponding mathematical programming problems considered in Sects. 4
and 5 of this paper. Otherwise, the trader faces a complicated problem of
dividing financial resources available to her at the moment ¢ between the two
groups, which leads to considering models whose structure and features are
completely different from those considered in the present paper.

The authors would like to emphasize that in the models formalizing the
interaction of a trader with the stock exchange in the form of mathematical
programming problems with Boolean variables, presented in Sects. 4 and 5
of the paper, they did not consider some particular risks that the trader
may be interested in taking into consideration in making her decision on
developing or changing her portfolio of securities. Though such risks are
traditionally considered in publications on modeling the behavior of traders
trading securities in a stock exchange, the inclusion of the risks considered,
for instance, in [33], in the models proposed in this paper would lead to
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solving large-scale nonlinear programming problems with integer or mixed
variables (formulated on the basis of these models). Such problems are
difficult to solve even for relatively small problem sizes, and from the
authors’ viewpoint, this inclusion would hardly make corresponding models
and problems an effective tool of studying stock exchanges and traders’
behavior in interacting with them. At the same time, the authors would like
to make it clear that their search for the models that could be considered
an effective tools for studying the stock exchange behavior continues, and
models of the mentioned kind presented in this paper should be viewed as
no more than only the first step towards this direction.

5. Finally, only the modeling of the decision-making process that individual
price-taking traders undergo in the course of their interaction with a stock
exchange was the subject of this paper. However, one should bear in mind
that both small and medium price-taking traders may form coalitions and
act either as one legal entity or as groups in the framework of which the
interests of all the group members within each group are to be observed.
Moreover, such groups are implicitly formed when some (and, possibly,
quite a substantial number of) small price-taking traders exercise the strategy
of following someone’s decisions (for instance, those of large traders or
“lucky” ones) independently of their (groups’) sizes. Studying aspects of
the financial behavior of these groups presents obvious interest in an attempt
to understand the mechanisms of the interacting between individual traders
and a stock exchange. However, such studies require both a particular use of
known and the development of new mathematical tools, and the discussion of
these issues, which invokes that of a set of fundamental modeling problems,
lies beyond the scope of the present paper.

Acknowledgements The financial support from the Russian Federation Government within the
framework of the implementation of the 5-100 Programme Roadmap of the National Research
University Higher School of Economics is acknowledged. The authors are grateful for financial
support of their work to DeCAn Laboratory at the National Research University Higher School of
Economics, headed by Prof. Fuad Aleskerov, with whom the authors have had fruitful discussions
on problems of developing tools for quantitatively analyzing large-scale systems in general and
those for stock exchanges in particular. L. Egorova expresses her gratitude to LATNA Laboratory,
NRU HSE, headed by Prof. Panos Pardalos, RF government grant, ag.11.G34.31.0057 and A.
Belenky expresses his gratitude to the MIT Institute for Data, Systems, and Society and to Dr.
Richard Larson, MIT’s Mitsui Professor of Data, Systems, and Society.

References

1. Aleskerov E-T., Egorova, L.G.: Is it so bad that we cannot recognize black swans? Econ. Lett.
117(3), 563-565 (2012)

2. Asratyan, A.S., Kuzyurin, N.N.: Analysis of randomized rounding for integer programs.
Discret. Math. Appl. 14(6), 543-554 (2004) (in Russian)

3. Barber, B., Odean, T.: Trading is hazardous to your wealth: The common stock investment
performance of individual investors J. Financ. 55(2), 773-806 (2000)



Optimization of Portfolio Compositions for Small and Medium Price-Taking Traders 115

4.

5.

6.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.
23.

24.

25.

26.

217.

28.

29.

Barber, B.M., Odean, T.: All that glitters: The effect of attention and news on the buying
behavior of individual and institutional investors. Rev. Financ. Stud. 21(2), 785-818 (2008)
Barberis, N., Thaler, R.: A survey of behavioral finance, NBER Working Paper Series (2002).
http://www.nber.org/papers/w9222

Belenky, A.S.: Minimax planning problems with linear constraints and methods of their
solution. Autom. Remote Control 42(10), 1409-1419 (1981)

. Belenky, A.S., Egorova, L.G.: An approach to forming and managing a portfolio of financial

securities by small and medium price-taking traders in a stock exchange, advances in intelligent
systems and computing. In: Proceedings of the 3rd International Conference on Modelling,
Computation and Optimization in Information Systems and Management Sciences MCO
(2015), pp. 257-268

. Bhardwaj, G., Swanson, N.R.: An empirical investigation of the usefulness of ARFIMA models

for predicting macroeconomic and financial time series. J. Econ. 131, 539-578 (2006)

. Chaudhuri, R., Ivkovié, Z., Pollet, J., Trzcinka, C.: What a difference a Ph.D. makes: more than

three little letters (2013). http://ssrn.com/abstract=2344938

Chen, L.: Stochastic mean and stochastic volatility- a three-factor model of the term structure
of interest rates and its application to the pricing of interest rate derivatives. Financ. Mark. Inst.
Instrum. 5, 1-88 (1996)

Cox, J.C., Ingersoll, J.E., Ross, S.A.: The relation between forward prices and futures prices.
J. Financ. Econ. 9(4), 321-346 (1981)

De Bondt, W., Thaler, R.: Does the stock market overreact? J. Financ. XL(3), 793-805 (1985)
De Bondt, W., Mayoral, R.M., Vallelado, E.: Behavioral decision-making in finance: an
overview and assessment of selected research. Rev. Espanola de Financiacion y Contabilidad
XLII(157), 99-118 (2013)

Devenow, A, Welch, 1.: Rational herding in financial economics. Eur. Econ. Rev. 40(3-5), 603—
615 (1996)

Engle, R.F.: Autoregressive conditional heteroskedastisity with estimates of the variance of
U.K. inflation. Econometrica 50, 987-1007 (1982)

Enke, D., Thawornwong, S.: The use of data mining and neural networks for forecasting stock
market returns. Expert Syst. Appl. 29, 927-940 (2005)

Feller, W.: An Introduction to Probability Theory and Its Applications, vol. 1 and 2. Wiley,
New York (1991)

Geman, H.: Pure jump Levy processes for asset price modelling. J. Bank. Finance. 26, 1297-
1316 (2002)

Hjalmarsson, E.: Predicting global stock returns. J. Financ. Quant. Anal.45(1), 49-80 (2010)
Jarrett, J.: Daily variation and predicting stock market returns for the frankfurter borse (stock
market). J. Bus. Econ. Manag. 9(3), 189-198 (2008)

Jorion, P.: Value at Risk: A New Benchmark for Managing Derivatives Risk. Irwin Professional
Publishers, Chicago (2000)

Kahneman, D.: Thinking, Fast and Slow. Penguin, New York (2011)

Kim, Y.S., Rachev, S.T., Bianchi, M.L., Fabozzi, F.J.: Financial market models with Levy
processes and time-varying volatility. J. Bank. Financ. 32(7), 1363-1378 (2008)

Koijen, R., van Nieuwerburgh, S.: Predictability of returns and cash flows. Ann. Rev. Financ.
Econ. 3, 467491 (2011)

Konno, H., Yamakazi, H.: Mean-absolute deviation portfolio optimization model and its
applications to tokyo stock market. Manag. Sci. 37(5), 519-531

Kuo, W.Y., Lin, T.C.: Overconfident individual day traders: evidence from the Taiwan futures
market. J. Bank. Financ. 37(9), 3548-3561 (2013)

Lin, W., Engle, R., Ito, T.: Do bulls and bears move across borders? International transmission
of stock returns and volatility. Rev. Financ. Stud. 7(3), 507-538 (1994)

Liu, YK., Wyu, X.L, Hao, FF.: A new chance-variance optimization criterion for portfolio
selection in uncertain decision systems. Expert Syst. Appl. 39(7), 6514-6526 (2012)

Lo, A.W,, Repin, D.V.: The psychophysiology of real-time financial risk processing. J. Cogn.
Neurosci. 14(3), 323-339 (2002)


http://www.nber.org/papers/w9222
http://ssrn.com/abstract=2344938

116 A.S. Belenky and L.G. Egorova

30. Lo, A.W., Repin, D.V., Steenbarger, B.N.: Fear and greed in financial markets: a clinical study
of day-traders. Am. Econ. Rev. 95(2), 352-359 (2005)

31. Lewellen, J.: Predicting returns with financial ratios. J. Financ. Econ. 74, 209-235 (2004)

32. Malkiel, B.G., Saha, A.: Hedge funds: risk and return. Financ. Anal. J. 61(6), 80-88 (2005)

33. Markowitz, H.: Portfolio selection. J. Financ. VII(1), 77-91 (1952)

34. Mao, J.: Models of capital budgeting, E-V vs. E-S. J. Financ. Quant. Anal. 4(05), 657-675
(1970)

35. Merton, R.: An intertemporal capital asset pricing model. Econometrica 41(5), 867-887 (1973)

36. Morelli, M., Montagna, G., Nicrosini, G., Treccani, M., Farina, D., Amato, P.: Pricing financial
derivatives with neural networks. Phys. A Stat. Mech. Appl. 338(1-2), 160-165 (2004)

37. Mullainathan, S., Thaler, R.H.: Behavioral Economics, NBER Working paper (2000). http://
www.nber.org/papers/w7948

38. Nelson, C.R., Kang, H.: Pitfalls in the use of time as an explanatory variable in regression. J.
Bus. Econ. Stat. 2, 73-82 (1984)

39. Nelson, C.R., Plosser, C.I.: Trends and random walks in macroeconomic time series: some
evidence and implication. J. Monet. Econ. 10, 139-62 (1982)

40. O’Connor, N., Madden, M.: A neural network approach to predicting stock exchange move-
ments using external factors. Knowl.-Based Syst. 19(5), 371-378 (2006)

41. Odean, T.: Do investors trade too much? Am. Econ. Rev. 89(5), 1279-1298 (1999)

42. Ostermark, R.: Predictability of Finnish and Swedish stock returns. Omega 17(3), 223-236
(1989)

43. Palomino, F., Renneboog, L., Zhang, C.: Information salience, investor sentiment, and stock
returns: the case of British soccer betting. J. Corp. Financ. 15(3), 368-387 (2009)

44. Penikas, H., Proskurin, S.: How well do analysts predict stock prices? Evidence from Russia,
Working papers by NRU Higher School of Economics. Series FE “Financial Economics”, WP
BRP 18/FE/2013 (2013)

45. Rockafellar, R.T., Uryasev, S.: Optimization of conditional value-at-risk. J. Risk 2, 21-41
(2000)

46. Rothig, A., Chiarella, C.: Small traders in currency futures markets. J. Futur. Mark. 31(9),
898-914 (2011)

47. Ross, S.: The arbitrage theory of capital asset pricing. J. Econ. Theory 13(3), 341-360 (1976)

48. Shapira, Z., Venezia, L.: Patterns of behavior of professionally managed and independent
investors. J. Bank. Financ. 25(8), 1573-1587 (2001)

49. Sharpe, W.F.: Capital asset prices: a theory of market equilibrium under conditions of risk. J.
Financ. 19(3), 425-442 (1964)

50. Soderlind, P.: Predicting stock price movements: regressions versus economists. Appl. Econ.
Lett. 17, 869-874 (2010)

51. Sornette, D.: Dragon-kings, black swans and the prediction of crises. Int. J. Terraspace Sci.
Eng. 2(1), 1-18 (2009)

52. Stracca, L.: Behavioral finance and asset prices: where do we stand? J. Econ. Psychol. 25,
373-405 (2004)

53. Taleb, N.N.: The Black Swan: The Impact of The Highly Improbable. Penguin Books, London
(2008)

54. Tay, FE.H., Lijuan, C.: Application of support vector machines in financial time series
forecasting. Omega Int. J. Manag. Sci. 29(4), 309-317 (2001)

55. Tedeschi, G., Iori, G., Gallegati, M.: Herding effects in order driven markets: the rise and fall
of gurus. J. Econ. Behav. Organ. 81, 82-96 (2012)

56. Tsay, R.S.: Analysis of Financial Time Series. Wiley, New York (2002)

57. Vasicek, O.: An equilibrium characterization of the term structure. J. Financ. Econ. 5(2), 177-
188 (1977)

58. Venezia, 1., Nashikkar, A., Shapira, Z.: Firm specific and macro herding by professional and
amateur investors and their effects on market volatility. J. Bank. Financ. 35, 1599-1609 (2011)


http://www.nber.org/papers/w7948
http://www.nber.org/papers/w7948

Optimization of Portfolio Compositions for Small and Medium Price-Taking Traders 117

59. Yu, C.L., Li, H., Wells, M.T.: MCMC estimation of levy jump models using stock and option
prices. Math. Financ. 21(3), 383—422 (2011)

60. Yudin, D., Golshtein, E.: Linear Programming. Israel Program of Scientific Translations,
Jerusalem (1965)

61. Yudin, D.B., Yudin, A.D.: Extreme Models in Economics. LIBROKOM, Moscow (2009) (in
Russian)



Indirect Maximum Likelihood Estimation

Daniel Berend and Luba Sapir

Abstract We study maximum likelihood estimators (henceforth MLE) in exper-
iments consisting of two stages, where the first-stage sample is unknown to us,
but the second-stage samples are known and depend on the first-stage sample. The
setup is similar to that in parametric empirical Bayes models, and arises naturally
in numerous applications. However, problems arise when the number of second-
level observations is not the same for all first-stage observations. As far as we
know, this situation has been discussed in very few cases (see Brandel, Empirical
Bayes methods for missing data analysis. Technical Report 2004:11, Department
of Mathematics, Uppsala University, Sweden, 2004 and Carlin and Louis, Bayes
and Empirical Bayes Methods for Data Analysis, 2nd edn. Chapman & Hall, Boca
Raton, 2000) and no analytic expression for the indirect maximum likelihood
estimator was derived there. The novelty of our paper is that it details and
exemplifies this point. Specifically, we study in detail two situations:

1. Both levels correspond to normal distributions; here we are able to find an explicit
formula for the MLE and show that it forms uniformly minimum-variance
unbiased estimator (henceforth UMVUE).

2. Exponential first-level and Poissonian second-level; here the MLE can usually be
expressed only implicitly as a solution of a certain polynomial equation. It seems
that the MLE is usually not a UMVUE.

In both cases we discuss the intuitive meaning of our estimator, its properties, and
show its advantages vis-a-vis other natural estimators.
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1 Introduction

In parametric statistics, the probability distribution generating the experimental data
is completely known, except for the values of the parameters. The classical setup in
point estimation problems is loosely defined as follows. Assume that a population
can be represented by a random variable X, whose density is f( - ; #), where the form
of the density is known, except for the unknown parameter 6. Let xi, x2, ..., X,
be the values of a random sample X, X>,...,X; from f(-;6). On the basis of
the observations xp, x», ..., X, it is required to estimate the value of the unknown
parameter 6, or of some function thereof 7(6).

There are several methods of finding point estimators of a parameter: the Bayes
method, the method of moments, the method of least squares, etc. One of these
methods, and probably the most popular one, is the method of maximal likelihood.
This method, introduced by Fisher in 1912, can be applied in most problems, has a
strong intuitive appeal, and usually yields a reasonable estimator of 6. Furthermore,
if the sample is large, the method typically yields an excellent estimator of the
parameter. For these reasons, the maximal likelihood method is probably the most
widely used method of estimation in statistics [1, 4, 11, 13, 16, 20, 23, 24].

However, the methods of obtaining point estimators of 8 were developed mostly
for the classical setup, where the value of the parameter 6 of the distribution function
is unknown, but the observations (almost by definition) are. A more complicated
situation occurs when inferences about the unknown parameter should be done
based on noisy observations. In this situation, before estimating the parameter,
various noise-subtraction techniques are employed [3, 5, 12, 21].

This paper is motivated by even more problematic situations. Namely, the obser-
vations xi, Xo, . . . , X; are unknown to us, but we do have some related information.
(One is almost tempted to refer to the x;’s as “unobserved observations”.) Consider
the following, somewhat simplified, example. There is a machine in a certain
factory which produces sensory devices for harsh environments. The quality of
the devices produced by the machine is distributed according to some known
distribution function with unknown (perhaps multi-dimensional) parameter, say
P; ~ Beta(a,8), 1 < i < k, with o,  unknown. We need to estimate the
parameter (&, B) of the machine as best we can. For example, each device has to
signal in case it encounters radiation exceeding a certain threshold, and it performs
correctly with a probability P;. If a device can be tested infinitely many times, the
value p; of P; for this particular device will be exactly known. However, due to the
harsh environment, a device may supply us with only few indications until it wears
out. Thus the exact values of the observations, namely the correctness probabilities
pi, are unknown, and we have to make our inferences based on the observations
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from the Bernoulli distribution representing the correctness of the indications. We
would like to estimate the parameter (c, §) of the original machine, based on the
few indications at hand.

Clearly, we may try to estimate each p; based on the small sample available for
the i-th sensor, and then conclude about the parameter («, 8) of the machine. To
realize that this approach is non-optimal, consider the situation where, say, device
number 1 supplies us with 20 indications until it is out of use, whereas device
number 2 supplies only 5 of them. The estimate of p; is more reliable than that
of p,, which should be taken into account when the estimation of the machine’s
parameter takes place. However, the method above fails to give each estimate a
weight, corresponding to its reliability.

In this paper we consider the problem of estimating the unknown parameter of the
distribution of the first level, based on the data of the second level. We note that the
classical setup of the parameter estimation problem is a special instance of our setup,
namely when the second distribution is constant. We propose in the two-levels case
an approach for calculating (precisely or approximately) the maximum likelihood
estimate. Our method may be termed indirect maximum likelihood estimation. In
particular, we provide a detailed discussion of the indirect maximum likelihood
estimate calculation for several specific pairs of distributions.

The same setup is encountered not only in various practical applications, but
also in empirical Bayes inference. Namely, it appears in the empirical Bayes
method for data analysis as a particular step dealing with marginal maximum
likelihood estimation of the parameter (see Sect. 5). Our approach details this issue
for the situation where the number of second-stage (observed) observations is not
necessarily the same for each first-stage (unobserved) observation. As far as we
know, the case of distinct number of second-level observations has been discussed
in very few cases (see [8, 9]). However, no analytic expression for the indirect
maximum likelihood estimator was derived there in this situation.

In this paper, we illustrate our method in two situations. In one of these, MLE
may be obtained in closed-form; in the other, it may be obtained only implicitly as
a solution of a certain equation. In the first case we are able to explain how and
why our formula takes into account the number of observations in the second stage,
related to each observation of the first stage. In the second case, where we are unable
to obtain an analytic formula for the MLE, we show the MLE value is confined to
a certain interval and various iterative approximation methods can be used to find
the value. In both cases, we discuss the properties of our estimator and show its
advantages versus other natural estimators.

There does exist quite a bit of research on estimation in situations where one does
not have direct observations from the distribution whose parameter is the object for
estimation. We refer, for example, to [6, 10, 14, 25]. However, those models, which
usually originate in economics, seem to be very different from our model, and we
shall not dwell on their setup here.

The setup is formally defined in Sect.2. Section 3 contains the main results
dealing with several specific pairs of first- and second-level distributions. Section 4
provides the proofs. In Sect.5 we discuss some potential applications of our



122 D. Berend and L. Sapir

approach. In particular, our approach may improve one of the steps of empirical
Bayes inference. In Sect.6 we summarize and raise some questions for future
research.

2 Setup of the Problem and Approach for Solution

The mathematical formulation of the problem is as follows:

Problem 1. A random sample X1, X>, ..., Xy is taken from a distribution f(x; 0),
where the parameter 6 € © is unknown. The corresponding observations
X1,X2, ..., X, are unknown. We are given a second distribution g(t; x) and samples
T, Tia,s ..., T, from g(t; x;) for 1 < i < k, with corresponding observed values,
which may be organized in the following table:

Goal: Find the MLE for 0 or for some function t(6).

The required estimator 0 is a function of the statistics Ty, 1 <i<k, 1<j<n.
The table t of observations may be regarded as the value observed for the multi-
dimensional statistic T = (Tjj)1<i<k,1<j<n;- Note that the rows of the tables t and T

are in general of varying lengths. The statistic 6 may be explicitly defined by

6= argmax P(T; 0). €Y
0ed

(Here P(T; 0) signifies either a probability or a density.) Note that the parameter 6
may be multi-dimensional.

Remark 1. In the theoretical level, one may consider various generalizations of the
problem. For example, the values #; may also be unknown, and information regard-
ing their values can be derived only from samples taken from other populations in
which the #;;’s serve as parameters. Another generalization is where there are several
distributions g;(#; x) and the T};’s in each row of T are distributed g;(z;x;). We shall
not deal with these extensions here.

The problem of finding the value of § maximizing P(T = t; ) on the right-hand
side of (1) can be made more transparent by replacing P(T = t; 6) with an explicit
expression (adapted to the case of continuous variables). Denote:

Tl':(T‘ille'Z""aTini)s ISiSk'
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The likelihood function L(6), for any given observations t = ()1 <i<k,i<j<n;> 1S
given by

ni

ny k
L@)= [ [ | TTetsm .- [Tstwiao | - TTreu:opa
j=1 j=1 i=1

N———

n;

pe
k

1/ Tstsnro:eas.
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where P is the support of the first-level random variables X;, i = 1,...,k. Thus,
for a given table t, the MLE for 6 is defined by:

9e0 ]

k nj
6 = arg max HL f(xi; 0) 1_[ 8(tij; x;)dx;.
7 =1

3 The Main Results

In this section we illustrate our method for dealing with Problem 1 for several pairs
of distributions f(x; 6) and g(z;x). In one of these, we are able to give a closed-
form formula for the MLE. However, even in the classical setup, there is usually no
closed-form formula for the MLE. In our, more complicated, setup there seem to be
very few situations where such a formula may be obtained. In most cases, the MLE
is defined implicitly as the solution of a certain equation. Our second instance of
study falls into this category, and we are able to present, under some assumptions, a
procedure for finding an approximate solution.

While one may study any pair of distributions f(x; ) and g(t; x); it is natural to
take the first as a conjugate prior of the second ([9, 11]). The first two cases studied
here deal with such pairs (or special cases thereof).

3.1 MLE of the Mean in the Normal-Normal Case

We start with a case where the MLE is unique and can be explicitly found.

Theorem 1. Consider the setup in Problem 1, where the distribution f(x; L) is
N(u, 012) with unknown u and known 012, and the distribution g(t;x) is N(x, 022)
with known 022. Then the MLE for | is given by the statistic
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k
M=) wT, )
i=1
1 ni
az+02/n,' = 1 ! .
where w; = %andﬂ = —ZT“ 1<i<k
n

r=1 ot +oi/n, L=l

Corollary 1. If the number of observations at the second stage is the same for each
observation of the first stage, i.e., n; = n for 1 < i <k, then (2) reduces to

1 k n
=0 2T

i=1 j=1

Let us explain the intuitive meaning of the theorem. The most natural estimator

for each x; is the sample mean T, = - Z T;; of the observations related to this
ni=
I (NI
specific x;. At first glance, the natural estimator for p is the mean T = % Z T; of
i=1

these means. The estimator M in the theorem is also an average of the T;’s, but a
weighted average rather than a simple average. The reason for the weighting is that,
the larger n; is, the more reliable is T; as an estimator for x;. The welght assigned
to T; is inversely proportional to the variance of T;, which is 01 + 0 2 /n; (see (20)
below), and thus i 1ncreases Wlth n;. Observe also the relatlon between our weights
and the variances 012, If 02 is much smaller than 01, then the #;’s are good
estimates for x;, and our estimator is close to T. As 02 grows relative to 0 , the
effect of the noise in the measurements f;; becomes more significant, and M dev1ates
more from T. If 03 is much larger than o7, then the w;’s are almost proportional to
the n;’s. Finally, we note also that both M and T are functions of the 7;’s only; this
is natural, as each 7 is a sufficient statistic for the parameter x; of g(f; x;).

Corollary 1 deals with the case where the samples taken to estimate the x;’s are of
the same size, and thus these estimates are equally reliable. Unsurprisingly, in this
case M coincides with 7.

Clearly, the estimator M in the theorem is an unbiased estimator of p. Of course,

— 1 —
there are many other unbiased estimators of w, for example T = p Z T;, and,
i=1
more generally, any weighted average

k k
= Z%‘Tn <Z(¥i = 1) .
i=1 i=1

of the T;’s. However, the following proposition proves that M is the most efficient
among all unbiased estimators.
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Proposition 1. The estimator M is a uniformly minimum-variance unbiased esti-
mator. Its variance is given by:

1

VM) =
2=t ST

3)

Remark 2. Tt is amusing to observe what Proposition 1 yields in the special case of
k

_ 1 _ _
the estimator 7' = % Z T;. Since V(T) = Zl |72 LV(T;), and (20) and (21) imply
i=1

_ 1 . . = . .
V(M) = Sy the inequality V(M) < V(T) is equivalent to
k
k 1
o= <% Z V(T)). 4)
Yoy 1/ V(T P

Thus, the variances of M and T are proportional to the harmonious and the
arithmetic means, respectively, of the numbers V(T;). Consequently, the inequality
V(M) < V(T), with strict inequality unless all the n,’s are equal, follows from the
classical means inequality [7, 15].

As in the classical situation, it seems natural to expect the consistency of the
MLE [20, 23]. In our setup, (3) immediately implies that M is a mean-squared-
error consistent estimator of p as the number of rows in the table t tends to infinity.
(In particular, M is also a weakly consistent estimator.) The following corollary
states it more formally.

Corollary 2. Let (My);2, be a sequence of estimators of [, where each M is as
on the right-hand side of (2), and is based on a table t with k rows. Then (M){2,
forms a (mean-squared-error) consistent sequence of estimators of |

3.2 MLE in the Exponential-Poissonian Case

In this section we present a case where the MLE can in general be only implicitly
defined as the zero of a certain polynomial. We then test its performance by Monte-
Carlo simulations. The distribution in question is exponential, and we try to estimate
its expectation (Of course, since the expectation is a one-to-one function of the
parameter, it does not matter if we deal with the MLE of the parameter or with
the MLE of the expectation, but later in the section we will also discuss unbiased
estimators, where it does matter.).

Theorem 2. Consider the setup in Problem 1, where the distribution f(x;0) is
Exp(6) with an unknown parameter 6, and the distribution g(t;x) is & (x). Then
the value T of the MLE of T = 1/ is the solution of the equation
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k-
t; 1/n;
E:”L_/”:k, (5)
— T+ 1/n;

R (e
where t; = — ti, 1<i<k

Our next result shows that, usually, the MLE exists and is unique.

Proposition 2. If at least one of the tj, 1 <i <k, 1 < j < n;, is non-zero,
then (5) has a unique solution T in the positive axis. Moreover, the solution T is

confined to the interval [¢c — 1 /ngin, ¢ — 1/Ama], where iy, = lmink i, Mmax =
<i<
1n<1la<xkn,, and c = ;. Zl L@+ 1/my).

Remark 3. If t; = O0for1 <i <k, 1 <j < n, then (5) has the unique solution
7 = 0, which is not in the allowed range.

Obviously, the length of the interval containing the solution is —— — - <1,

and the value 7 can be arbitrarily approximated by various iterative schen;léngx(such
as the bisection method or Newton’s method).

Note that (5) depends on the observations of the table only through the sample
averages of each row, that, as in the normal-normal case of the preceding section,
form sufficient statistics for the unobserved observations x;, 1 < i < k, from the
first stage. Thus, 7 depends on the data only through the values of the sufficient
statistics 7;. As in the preceding section, there is a “natural” estimator of the

parameter, also depending only on the sufficient statistics 7, namely

_ 1L

In the sequel, we will compare (by simulation) this estimator with the MLE.
The following corollary of Theorem 2 lists a few cases, in which the MLE can
be obtained explicitly.

Corollary 3. Ifthe table of observations in not identically 0, and it consists of

1. asingle row, i.e, k= 1,thent =T);
2. only two rows, i.e., k = 2, then

2(L7+ 1T

[ b
Il

’

ny

— —\2 — —
w1 - T2+\/<%+t—T1—T2> +8(%T1+ £ T2)

3. the same number of observations in all rows, i.e., n; =n, 1 <1i <k, then
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The last part follows straightforwardly from Proposition 2, and the first is a
special case of the last. The second part follows from a routine calculation, which
we omit here. Note that the intuitive reason in part 3 is basically that, since the T;’s
are based on samples of the same size, they are equally reliable. Hence the natural
estimator, giving them equal weight, coincides with the MLE. We mention that, by
Proposition 2, if all n;’s tend to co, then the difference between the MLE estimator
and T tends to 0.

The following example illustrates the calculation of the MLE by Theorem 2.

Example 1. Under the setup in Theorem 2 we generated k = 4 “unobserved”
observations xi, X2, x3, x4 from Exp(fye) with 6,e = 1. At the second stage, a
few observations were taken from each &?(x;), producing the table:

02102011
1010312210
0031

0000

Equation (5), corresponding to this data, reduces to:

4 N 6 N 3
8t+1 10t+1 4r+1

)

Figure 1 depicts the expression on the left-hand side of (7) as a function of t. The
maximum value of the likelihood function (calculated by applying Maple’s £solve

Fig. 1 Graphical solution of (7)
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Table 1 Errors of the MLE 9

and of T Eror 001 | 0.1 1 10 100
err(f,7) |0.1419 | 0.1437 | 0.1471 | 0.1793 | 0.3437
err(,7) | 0.1419 | 0.1437 | 0.1473 | 0.1897 | 0.4232

method to (7)) is attained at the point 0.762, and thus the MLE value is T = 0.762.
(Note that the endpoints of the interval in Proposition 2, which contains the solution
%, are 0.675 and 0.825.) We mention that the value of the estimator T from (6) for
our data is 7 = 0.744.

It is not easy to compare the MLE with T theoretically, since the closed-form of
the MLE cannot be obtained in general. However, we can compare the estimators
by Monte-Carlo simulations. Table 1 provides such a comparison. We have tried the
parameter values 6 = 0.01, 0.1, 1, 10, 100 (and = = 100, 10, 1, 0.1, 0.01,
respectively). For each 6 we took a random sample X1, X5, ..., X5 from Exp(6),
and for each value x; of X; — the values #;,#», ...,t, of a random sample
from & (x;), where n; is selected uniformly between 1 and 40. The procedure was
repeated 10000 times (with the same n; values). For each iteration s, 1 < s <
10000, we calculated the MLE and T estimates ,=1/ é‘, and 7,, respectively. As a
measure of the error for the estimators, we took the quantities

104 ~ 104 _
S 1 (t —1,)? 1 (t — 1)
et 1) = |1 @D = |1a Y
100 & 1 10 &= ¢

(Compare this measure with those of mean-squared-error and root mean-squared-
error, used in numerous applications; [2, 20, 23, 26]). The final results are presented
in Table 1.

Unsurprisingly, for large 6 both estimators perform quite badly, but the MLE is
consistently better than T. In fact, for such 0 the x;’s are very small, so that most #;;’s
tend to vanish, and we get little significant data. (In fact, if all #;’s do vanish, then
neither estimator is defined. We omitted these rare observations from our sample,
which does not affect the comparison between the estimators.) For small 6, both
estimators are good, and yield almost the same results.

In the normal-normal case, the MLE turned out to be a UMVUE. In our case, this
is still true in one particular situation, as Proposition 3 below shows. However, in
general, we doubt that there is a UMVUE at all. Indeed, consider weighted average
estimators of the form:

k k
T =Y T (}:mzzg. )
i=1

Obviously, T* is an unbiased estimator. Indeed, one can easily verify that

0 . .
7}+1~G(§IT),1SISK1§JSM, )
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and therefore
k k k 1
ETH =) wET)=) GET)=) a=-=1
(T*) ; (T)) ; (Th) ; 5

We note that 7 is the special case o] = op = ... = o = % of T*.

Proposition 3. 1. If all n;’s are equal, then © = T is a UMVUE.

129

2. If not all n;’s are the same, then T* is not a UMVUE (for any choice of «;’s).

4 Proofs

Proof of Theorem 1. The likelihood function in our case is

(xj—1j5) (t—=xp?

1 =
L(p)= 2. e i dx
()= l—[/ (l—[ «/21102 ) J2moy '

k i 00 1 w—m n M
= 1_[ ( 1 ) . 1 . f e 2( +Z ”2 )dxi_
\/27T02 \/2]‘[01 —00

(10)

A routine calculation shows that the expression in the exponent may be written in

the form

2
M i tl
e u) x) + E (x j) = (Ax; — B)* + Ci,

1 j=1

where
[ 2 2
05 + nioj
0201 ’

poy +oi 3Lty 1

B, = )
020
V07 + nio} 271
2 ni
C - n; 2 23 1lu,u 1 (Z 1tu) th
= _ - 2 1
o5 + njof o5 +not’ o3\ oF +not peii

(1)

(12)



130 D. Berend and L. Sapir

Substituting (11) in (10), we obtain

: Loy © |
L = . . e 2 (Aixi—B;)*—%Ci dx;
" D (JZﬂUz) V2o /_oo
k / —lC; 00
= (27_[02)—%2'{:1n;(2n01)—§ 1_[ 2re / ! 6_%()"'_3‘)2(1)’i
il A; —o0 A/ 27
—1Iyk ¢ —Lyk — —
=¢ 1&=15 . (Qu0y) 2 &=t gy HA
(13)
Passing to logarithms we find that
I i k £
InL(p) = _EZCi_ EZniln(Znaz)— zlnol —ZlnA,-. (14)
i=1 i=1 i=1

Note that, on the right-hand side of (14), only the C;’s depends on the parameter (.
In fact, In L(jt) is a quadratic function of w:

k k n;
1 n; Doty
mLg)=— (S = ). 24y == D, 15

) 2(; o%—}—n,af) H l;:ozz—}-n;olz K (1>

where

ni

0] e 2 900 B SETCUSER IUED oY
= — — n(2moy) — —Inoy — nA;.
205 = 03 + njo? i ¥

i=1 i=1
Thus In L(1) has a unique maximum, obtained at the point

k 1 nj
N 0‘2/ni+(72 Z':] tij
) JIEE e L) 16

n:
i=1 Z;-:] o2/nto? !

Hence, the statistic M, which corresponds to (16), is the MLE of . This completes
the proof.

Proof of Proposition 1. Clearly,

k
V) =) wiv(T), (17)
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where
1
2 2 ni
W= ol (18)
Zr=l m
Now:
. 1 n;
V(T)=—- ZV(T,,)+2 > Cov(Ty Ty |. 1=<i<k (19)
n:
l 1<j<s<n;

Obviously, V(T;) = o + o} for1 <i <k, 1<j<mn; and Cov(Ty, Ti;) = o} for
1<i<k, 1<j<s<n;Thus,

_ 1 ;
V(T;) = —- (ni(azz +0}) + 2(’;)012) = of + o3 /m, 1<i<k (20

Substituting (20) and (18) in (17), we see that

) 2
o 02 n;
v = Si | ) - (0 + 03 /m) = @n
=1 2 to3 /nr =1 02403 e
To show that M is the UMVUE, one can easily calculate by (15) the Fisher
information on u contained in T = (T4, T5, ..., Ty), which is
4 1
I = —_—. 22
T(/'L) ; 0_12 + 0—22/71,« ( )
Thus the Cramér-Rao lower bound ) coincides with (21), which completes the
proof.

Proof of Theorem 2. The likelihood function is

k oo [ ni xf/e Xi
L(9)=l_[/0 [17 | 6e"ax

"y .
k /°° x,-z":”’f —('zi+9))ci,9d
= | | Xi.
ni 1
0 [ I

j= ltl/

(23)




132 D. Berend and L. Sapir
o0
Recall that / " le™dx = I'(a)A™ for @, A > 0. Therefore
0
\/loole/”i:] ’ije—(ni+9)xidxi F(l + Z =1 tl])
0

(ni + ) *Zm

which yields

k ra+37 ;)0

Lo)=[]

1 ot i
i1\ + ) =11 [T< 1!

24
ti')'
9" ] by
ﬂ (ni + 9)1+Zf YT !
Passing to logarithms and differentiating, we obtain:
k n
dInL(6 k .
A >+ Z 1 n—. (25)
i=1 = ¢
dInL(8
The value of the MLE of 8 maximizes In L(#) , and thus satisfies Hd—@() = 0 and

forms a solution of
zk: Ei + l/n, —k
i1 1/9 + 1/1’11 -

In terms of 7, we obtain (5). This completes the proof.

Proof of Proposition 2. Put f(t) = Zle ’T'i};;:’ . Clearly,

f(0) = Z(nt,+])—k+22tlj>k

i=1 j=1

and f(r) —> 0. Since, f(7) is a continuous monotonically decreasing function of
T—>00

7 in [0, 00), this implies that (5) has a unique solution on the positive axis.
Now, since

k = 7) >
f(T) o 7 + l/nmin

)
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we obtain

S G+1/m) 1 1

>e=t T D = .
k Nmin Nmin

[

Similarly,

Zz 1(—1 1/”1’)_ch_ 1

k nmax nmax

T <

This completes the proof.
Before proving Proposition 3, we need

Lemma 1.

2. The Fisher mformatlon It(t) on t contained in T = (T1, Ty, ..., Ty), is given by

k

n,0?
In(t)y =) pasrar E

r=1

Proof of Lemma 1. 1. We have
k
V(T*) =Y o] - V(T)). (26)

where
n;

V(T)_l2 ZV(T,,)+2 Z Cov(T;, Ty) |, 1<i<k 27)

j=1 1<j<s<n;

By (9) we obtain V(Tj;) = 941 for 1 <i<k, 1=j<n; andaroutine calculation

92
shows that Cov(Ty;, Tjs) = 9—12 forl <i<k, 1<j<s<n; Thus,
1 0+1 n\ 1 n;+ 6 .

Substituting (28) in (26), we find that

k
* n; =+ 9
i=1 !
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2. We start from (24). A routine calculation yields:

d’In L(r) k 2tn; + 1
—_— = — — ti + _— 30
& 21: ,21: T 2+ 12 ¢
Since E(Tj;) = v, the Fisher information on 7 contained in T = (T, T, ..., Ty), is

k n;
k : 2tn; + 1
It(v) = —— ) ==ET
=5+ L (L) s N
n,-@z

n; .
ORI Sy

i=1 i=1

This completes the proof.

Proof of Proposition 3. We start with the second part. Suppose that T* is the

UMVUE. Hence, its variance is equal to the Cramér-Rao lower bound m. By
Lemma 1:
2 n; + 9 1
o T 92 ° (32)
i=1 ni0 D=1 nn,rﬂ
Denoting 8; = :_ifg, 1 <i <k, we rewrite (32) in the form:

Z,Bl Z

Hence, by the Cauchy-Schwarz inequality:

k k o kOl
=3 VBi< Bi= |
DN RGP N RS

Fﬂ

Since Zf: @ = 1, the weak inequality in the last chain is actually an equality.
Thus, the % and the /B; are proportional:
(X,':C'ﬂi, lflfk

Clearly, c = 1/ Zf: \ Bi. Therefore,

n;02
IBi _ ni+06

k - k _92 k) —
Y S

o =
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If not all n;’s are the same, then «; depends in a non-trivial way on the parameter 6.
This contradicts the assumption that 7% is an estimator and completes the proof of
the second part.

If all n;’s are equal, we easily see that (32) indeed holds for o; = % 1<i
and T* = T = 7, and V(%) is equal to the Cramér-Rao lower bound =
Hence 7 is a UMVUE.

This proves the proposition.

k7
0

1A

1
Ir(z(9)) — kno?"

S Potential Applications and Empirical Bayes

Problems fitting naturally the indirect setup arise in various seemingly unrelated
domains, such as e-commerce, survey analysis, data mining, etc. Consider the
following example, taken from the area of reputation systems. The indirect setup
arises here in the context of the beta and Dirichlet reputation systems (see [17, 18]).
Namely, we have a set of objects of the same type (movies, hotels, department stores,
web providers), for which we collect users’ ratings. The basic idea of reputation
systems is to have a mechanism allowing users to submit these ratings and enabling a
computation of an aggregated rating of these objects based on the individual ratings.
In the beta reputation system, suggested by Jgsang and Ismail [17], for example,
each object receives a binary grade (“good”/*bad”) from an unknown number of
people. (The model is slightly more complex, but the simplified model retains the
point we want to elaborate on.) Here, the probability P; of a random object to
obtain a “good” grade is distributed Beta(x, 8) for some parameter (o, 8). Thus,
one may consider the problem of estimating the unknown parameter of the Beta
distribution corresponding to indirect observations p;, 1 < i < k, based on the
rating data of the second level. Note that, from the point of view of the user of
the system, the average reputation score of the population is very important; by
comparing the score of a particular object with that average he decides whether to
use this object or look for another. As this average is a function of the parameter, it
is important to estimate the parameter well. One problem that naive methods fail to
address is that, in practice, some popular objects receive many ratings, while others
receive only few. This difference should be taken into account when estimating
the parameter. A naive approach may try to estimate each unobserved observation
on the basis of the second-stage observations attached to it, and then estimate the
parameter on the basis of these estimates. As we will see, the indirect maximum
likelihood estimator does better in the sense that unobserved observations with many
second-stage observations obtain a larger weight than those with few second-stage
observations.

Recently, Jgsang and Haller [18] suggested a generalization of the beta reputation
system, rating objects by m > 2 discrete levels, known as the Dirichlet reputation
system. This model is based on using Dirichlet’s density function (see [18]) to
combine feedback and derive reputation scores as a function of m parameters
corresponding to the density function. The same kind of problems and a similar
indirect setup appears also in this model.
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Another real-life situation fitting the two-stage setup arises in measurements with
errors. Suppose we have a group of items of some type, and want to know their
mean weight p. Suppose the weight is known to be N(u, 1)-distributed, and we
are allowed to examine k random items from the population. Since our scales are not
completely accurate, we weigh each item in the sample several times, say we weigh
n; times item i. Thus, we obtain a table of the second-stage observations ;;, 1 <i <
k, 1 <j < n;, where each row 1 < i < k of the table contains the measurements
tij, 1 <j =< m, of the i-th item with unknown actual weight x;. We need to estimate
M on the basis of the observed measurements.

The two-stage setup appears also in Bayesian analysis of missing data. Unlike
in our situation, the purpose there is to estimate the unobserved observations of the
first stage. This is done with the help of the posterior distribution of the unobserved
observations, given the evidence of the second-stage observations. The posterior
distribution is equal to the likelihood times the prior distribution of the unobserved
observations, divided by the marginal distribution of the second-stage observations
[9]. Thus, to calculate the posterior distribution one should know the value of the
parameter. In the Bayesian approach we assume that this value is known. If the
parameter is unknown (as in our setup) one can use a known hyperprior distribution
of the parameter to compute the posterior distribution or to use the marginal
maximum likelihood estimate (henceforth MMLE) of the parameter, and plug it into
the calculation of the posterior distribution. The last procedure is called Empirical
Bayes, various aspects of which were studied in numerous papers [9, 22, 27].
However, it is often problematic to find the MMLE in closed form, especially
if the number of the second-stage observations is not the same for all first-stage
observations. Our paper details and exemplifies this issue.

6 Conclusions and Future Research

This paper focuses on the parameter estimation problem under indirect information,
formally defined in Problem 1. The setup is motivated by practical contemporary
applications from various domains, such as classification, reputation systems in
e-commerce, survey analysis, etc. We propose a maximum likelihood approach
for estimating the unknown parameter of the distribution of the first level, based
on the known observations of the second level, and illustrate it for two pairs of
distributions. Our approach raises several questions to be explored in theoretical
and applied aspects of the problem, such as:

e Developing our method for real-life applications. For example, suppose one
wants to estimate the parameters of beta binomial or Dirichlet reputation systems,
suggested by Jgsang and Ismail [17] and Jgsang and Haller [18], based on
large-scale databases. Our approach takes into account the reliability of the data
provided by each agent (namely, the number of ratings given by this agent) to the
parameter estimation, which is essential in the context of data sets.
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An evaluation of the loss of accuracy of the MLE due to our indirect setup,
as compared to the “ideal” MLE corresponding to the classical case. For this
purpose it seems interesting to compare the Fisher information on 6 contained
in Ty, T,, ..., Ty with that contained in X1, X, . .., X;. For mixture models, this
was done by Kagan and Li [19], who obtained a universal upper bound for the
loss of the accuracy.
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Lagrangian Duality in Complex Pose Graph
Optimization

Giuseppe C. Calafiore, Luca Carlone, and Frank Dellaert

Abstract Pose Graph Optimization (PGO) is the problem of estimating a set of
poses from pairwise relative measurements. PGO is a nonconvex problem, and
currently no known technique can guarantee the efficient computation of a global
optimal solution. In this paper, we show that Lagrangian duality allows computing
a globally optimal solution, under certain conditions that are satisfied in many
practical cases. Our first contribution is to frame the PGO problem in the complex
domain. This makes analysis easier and allows drawing connections with the recent
literature on unit gain graphs. Exploiting this connection we prove nontrival results
about the spectrum of the matrix underlying the problem. The second contribution
is to formulate and analyze the properties of the Lagrangian dual problem in the
complex domain. The dual problem is a semidefinite program (SDP). Our analysis
shows that the duality gap is connected to the number of eigenvalues of the penalized
pose graph matrix, which arises from the solution of the SDP. We prove that if
this matrix has a single eigenvalue in zero, then (1) the duality gap is zero, (2)
the primal PGO problem has a unique solution, and (3) the primal solution can be
computed by scaling an eigenvector of the penalized pose graph matrix. The third
contribution is algorithmic: we exploit the dual problem and propose an algorithm
that computes a guaranteed optimal solution for PGO when the penalized pose graph
matrix satisfies the Single Zero Eigenvalue Property (SZEP). We also propose a
variant that deals with the case in which the SZEP is not satisfied. This variant,
while possibly suboptimal, provides a very good estimate for PGO in practice. The
fourth contribution is a numerical analysis. Empirical evidence shows that in the
vast majority of cases (100 % of the tests under noise regimes of practical robotics
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applications) the penalized pose graph matrix does satisfy the SZEP, hence our
approach allows computing the global optimal solution. Finally, we report simple
counterexamples in which the duality gap is nonzero, and discuss open problems.

Keywords Maximum likelihood estimation ¢ Mobile robots * Motion estima-
tion ¢ Position measurement ¢ Rotation measurement ¢ Simultaneous localization
and mapping ¢ Duality

1 Introduction

Pose graph optimization (PGO) consists in the estimation of the poses (positions
and orientations) of a mobile robot, from relative pose measurements. The problem
can be formulated as the minimization of a nonconvex cost, and can be conveniently
visualized as a graph, in which a (to-be-estimated) pose is attached to each vertex,
and a given relative pose measurement is associated to each edge.

PGO is a key problem in many application endeavours. In robotics, it lies
at the core of state-of-the-art algorithms for localization and mapping in both
single robot [11, 13, 14, 26, 27, 33, 36, 43, 54, 58] and multi robot [1, 42, 46—48]
systems. In computer vision and control, problems that are closely related to PGO
need to be solved for structure from motion [2, 32, 34, 35, 37, 56, 69], attitude
synchronization [38, 57, 74], camera network calibration [75], sensor network
localization [59, 60], and distributed consensus on manifolds [65, 76]. Moreover,
similar formulations arise in molecule structure determination from microscopy
imaging [3, 71].

A motivating example in robotics is the one pictured in Fig. la. A mobile
robot is deployed in an unknown environment at time ¢t = 0. The robot traverses
the environment and at each discrete time step acquires a sensor measurement
(e.g., distances from obstacles within the sensing radius). From wheel rotation,
the robot is capable of measuring the relative motion between two consecutive
poses (say, at time i and j). Moreover, comparing the sensor measurement, acquired
at different times, the robot can also extrapolate relative measurements between
non consecutive poses (e.g., between i and k in the figure). PGO uses these
measurements to estimate robot poses. The graph underlying the problem is shown
in Fig. 1b, where we draw in different colors the edges due to relative motion
measurements (the odometric edges, in black) and the edges connecting non-
consecutive poses (the loop closures, in red). The importance of estimating the robot
poses is two-fold. First, the knowledge of the current robot pose is often needed for
performing high-level tasks within the environment. Second, from the knowledge of
all past poses, the robot can register all sensor footprints in a common frame, and
obtain a map of the environment, which is needed for model-based navigation and
path planning.

Related Work in Robotics Since the seminal paper [54], PGO attracted large
attention from the robotics community. Most state-of-the-art techniques currently
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Fig. 1 (a) Pose graph optimization in robotics. A mobile robot is deployed in an unknown
environment at time + = 0. At each time step the robot measures distances from obstacles
within the sensing radius (red circle). The sensor footprint (i.e., the set of measurements) at time
T is visualized in orange. By matching sensor footprints acquired at different time steps, the
robot establishes relative measurements between poses along its trajectory. PGO consists in the
estimation of robot poses from these relative measurements. (b) Directed graph underlying the
problem

rely on iterative nonlinear optimization, which refines a given initial guess. The
Gauss-Newton method is a popular choice [44, 45, 51], as it converges quickly
when the initialization is close to a minimum of the cost function. Trust region
methods (e.g., the Levenberg-Marquart method, or Powell’s Dog-Leg method [52])
have also been applied successfully to PGO [62, 63]; the gradient method has been
shown to have a large convergence basin, while suffering from long convergence
tails [36, 48, 58]. A large body of literature focuses on speeding up computation.
This includes exploiting sparsity [31, 44], using reduction schemes to limit the num-
ber of poses [9, 50], faster linear solvers [22, 33], or approximate solutions [14, 24].

PGO is a nonconvex problem and iterative optimization techniques can only
guarantee local convergence. State-of-the-art iterative solvers fail to converge to
a global minimum of the cost for relatively small noise levels [11, 15]. This fact
recently triggered efforts towards the design of more robust techniques, together
with a theoretical analysis of PGO. Huang et al.[41] discuss the number of local
minima in small PGO problems. Knuth and Barooah [49] investigate the growth of
the error in absence of loop closures. Carlone [10] provides conservative approxima-
tions of the basin of convergence for the Gauss-Newton method. Huang et al. [40]
and Wang et al.[78] discuss the nonlinearities in PGO. In order to improve global
convergence, a successful strategy consists in solving for the rotations first, and then
using the resulting estimate to bootstrap iterative methods for PGO [11, 13-15].
This is convenient because the rotation subproblem' can be solved globally, with
performance guarantees, in 2D [11], and many heuristic algorithms for rotation
estimation also perform well in 3D [15, 32, 34, 56]. Despite the empirical success

"We use the term “rotation subproblem” to denote the problem of associating a rotation to each
node in the graph, using relative rotation measurements. This corresponds to disregarding the
translation measurements in PGO.
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of state-of-the-art techniques, no approach can guarantee global convergence. It
is not even known if the global optimizer itself is unique in general instances
(while it is known that the minimizer is unique with probability one in the rotation
subproblem [11]). The lack of guarantees promoted a recent interest in verification
techniques for PGO. Carlone and Dellaert [12] use duality to evaluate the quality of
a candidate solution in planar PGO. The work [12] also provides empirical evidence
that in many problem instances the duality gap, i.e., the mismatch between the
optimal cost of the primal and the dual problem, is zero.

Related Work in Other Fields Variations of the PGO problem appear in different
research fields. In computer vision, a somehow more difficult variant of the problem
is known as bundle adjustment [2, 32, 34, 35, 37, 56, 69]. Contrarily to PGO, in
bundle adjustment the relative measurements between the (camera) poses are only
known up to scale. While no closed-form solution is known for bundle adjustment,
many authors focused on the solution of the rotation subproblem [2, 32, 34, 35, 37,
56, 69]. The corresponding algorithms have excellent performance in practice, but
they come with little guarantees, as they are based on relaxation. Fredriksson and
Olsson [32] use duality theory to design a verification technique for quaternion-
based rotation estimation.

Related work in multi robot systems and sensor networks also includes con-
tributions on rotation estimation (also known as attitude synchronization [17, 38,
57, 74, 79]). Borra et al.[6] propose a distributed algorithm for planar rotation
estimation. Tron and Vidal [75] provide convergence results for distributed attitude
consensus using gradient descent; distributed consensus on manifold [65] is related
to estimation from relative measurements, as discussed in [76]. A problem that
is formally equivalent to PGO is discussed in [59, 60] with application to sensor
network localization. Piovan et al.[60] provide observability conditions and discuss
iterative algorithms that reduce the effect of noise. Peters et al.[59] study pose
estimation in graphs with a single loop (related closed-form solutions also appear in
other literatures [25, 69]), and provide an estimation algorithm over general graphs,
based on the limit of a set of continuous-time differential equations, proving its
effectiveness through numerical simulations. We only mention that a large literature
in sensor network localization also deals with other types of relative measure-
ments [55], including relative positions (with known rotations) [4, 64], relative
distances [, 8, 19-21, 23, 29, 70] and relative bearing measurements [30, 73, 77].

A less trivial connection can be established with related work in molecular
structure determination from cryo-electron microscopy [71, 72], which offers very
lucid and mature treatment of rotation estimation. Singer and Shkolnisky [71, 72]
provide two approaches for rotation estimation, based on relaxation and semidefinite
programming (SDP). Another merit of [71] is to draw connections between planar
rotation estimation and the “MAX-2-LIN MOD L” problem in combinatorial opti-
mization, and “MAX-K-CUT” problem in graph theory. Bandeira et al. [3] provide a
Cheeger-like inequality that establishes performance bounds for the SDP relaxation.
Saunderson et al. [66, 67] propose a tighter SDP relaxation, based on a spectrahedral
representation of the convex hull of the rotation group.
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Contribution This paper shows that the use of Lagrangian duality allows comput-
ing a guaranteed globally optimal solution for PGO in many practical cases, and
proves that in those cases the solution is unique.

Section 2 recalls preliminary concepts, and discusses the properties of a partic-
ular set of 2 x 2 matrices, which are scalar multiples of a planar rotation matrix.
These matrices are omnipresent in planar PGO and acknowledging this fact allows
reformulating the problem over complex variables.

Section 3 frames PGO as a problem in complex variables. This makes analysis
easier and allows drawing connections with the recent literature on unit gain
graphs [61]. Exploiting this connection we prove nontrival results about the
spectrum of the matrix underlying the problem (the pose graph matrix), such as
the number of zero eigenvalues in particular graphs.

Section 4 formulates the Lagrangian dual problem in the complex domain.
Moreover it presents an SDP relaxation of PGO, interpreting the relaxation as the
dual of the dual problem. Our SDP relaxation is related to the one of [32, 71],
but we deal with 2D poses, rather than rotations; moreover, we only use the SDP
relaxation to complement our discussion on duality and to support some of the
proofs. Section 4.3 contains keys results that relate the solution of the dual problem
to the primal PGO problem. We show that the duality gap is connected to the zero
eigenvalues of the penalized pose graph matrix, which arises from the solution of
the dual problem. We prove that if this matrix has a single eigenvalue in zero, then
(1) the duality gap is zero, (2) the primal PGO problem has a unique solution (up
to an arbitrary roto-translation), and (3) the primal solution can be computed by
scaling the eigenvector of the penalized pose graph matrix corresponding to the
zero eigenvalue. To the best of our knowledge, this is the first work to discuss the
uniqueness of the PGO solution for general graphs and to provide a provably optimal
solution.

Section 5 exploits our analysis of the dual problem to devise computational
approaches for PGO. We propose an algorithm that computes a guaranteed optimal
solution for PGO when the penalized pose graph matrix satisfies the Single Zero
Eigenvalue Property (SZEP). We also propose a variant that deals with the case in
which the SZEP is not satisfied. This variant, while possibly suboptimal, is shown
to perform well in practice, outperforming related approaches.

Section 6 elucidates on our theoretical results with numerical tests. In practical
regimes of operation (rotation noise < 0.3rad and translation noise < 0.5m), our
Monte Carlo runs always produced a penalized pose graph matrix satisfying the
SZEP. Hence, in all tests with reasonable noise our approach enables the computa-
tion of the optimal solution. For larger noise levels (e.g., 1 rad standard deviation
for rotation measurements), we observed cases in which the penalized pose graph
matrix has multiple eigenvalues in zero. To stimulate further investigation towards
structural results on duality (e.g., maximum level of noise for which the duality gap
is provably zero) we report simple examples in which the duality gap is nonzero.
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2 Notation and Preliminary Concepts

Section 2.1 introduces our notation. Section 2.2 recalls standard concepts from
graph theory, and can be safely skipped by the expert reader. Section 2.3, instead,
discusses the properties of the set of 2 x 2 matrices that are multiples of a planar
rotation matrix. We denote this set with the symbol aSO(2). The set «SO(2) is of
interest in this paper since the action of any matrix Z € «SO(2) can be conveniently
represented as a multiplication between complex numbers, as discussed in Sect. 3.3.
Table 1 summarizes the main symbols used in this paper.

Table 1 Symbols used in this paper

Graph

G =V, &) Directed graph

m Number of edges

n Number of nodes

v Vertex set; || = n

& Edge set; |£] = m

e=(i,j)) €& Edge between nodes i and j

o € R Incidence matrix of ¢

A € Rtr=l>m Anchored incidence matrix of ¢

L= o Laplacian matrix of ¢

L=ATA Anchored Laplacian matrix of ¢

Real PGO formulation

A =d QL Augmented incidence matrix
A=AR®L Augmented anchored incidence matrix
L=4QI Augmented Laplacian matrix

W o€ Réwxin Real pose graph matrix

W € R4=2x(#=2) | Real anchored pose graph matrix

p €R> Node positions

p € R2—=D Anchored node positions

r € R Node rotations

Complex PGO formulation

W € C@—x=1 | Complex anchored pose graph matrix
peC! Anchored complex node positions
recC" Complex node rotations

Miscellanea

SO(2) 2D rotation matrices

aS0(2) Scalar multiple of a 2D rotation matrix
¥4 Cardinality of the set

1, n X n identity matrix

0, (1,) Column vector of zeros (ones) of dimension n

Tr(X) Trace of the matrix X
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2.1 Notation

The cardinality of a set ¥ is written as |¥’|. The sets of real and complex numbers
are denoted with R and C, respectively. I, denotes the n X n identity matrix, 1,
denotes the (column) vector of all ones of dimension n, 0,x,, denotes the n x m
matrix of all zeros (we also use the shorthand 0,, = 0,,x;). For a matrix M € C"™*",
M;; denotes the element of M in row i and column j. The Frobenius norm of a matrix

M € C™" is denoted as |M|r = />, i, [My|*. For matrices with a block

structure we use [M];; to denote the d x d block of M at the block row i and block
column j. In this paper we only deal with matrices that have 2 x 2 blocks, i.e.,d = 2,
hence the notation [M];; is unambiguous.

2.2 Graph Terminology

A directed graph 9 is a pair (¥, &), where the vertices or nodes ¥ are a finite set of
elements, and & C ¥ x ¥ is the set of edges. Each edge is an ordered pair e = (i, ).
We say that e is incident on nodes i and j, leaves node i, called tail, and is directed
towards node j, called head. The number of nodes is denoted with n = |¥/|, while
the number of edges is m = |&|.

A directed graph ¥ (7, &) is (weakly) connected if the underlying undirected
graph, obtained by disregarding edge orientations in ¢, contains a path from i to j
for any pairs of nodes i,j € #'. A directed graph is strongly connected if it contains
a directed path from i to j for any i,j € 7.

The incidence matrix o/ of a directed graph is a m x n matrix with elements
in {—1,0,+1} that exhaustively describes the graph topology. Each row of .o/
corresponds to an edge and has exactly two non-zero elements. For the row
corresponding to edge e = (i,)), there is a —1 on the i-th column and a +1 on
the j-th column.

The set of outgoing neighbors of node i is A4,*" = {j : (i,j) € &}. The set of
incoming neighbors of node i is A/ = {j : (j,i) € &}. The set of neighbors of
node i is the union of outgoing and incoming neighbors 4] = A" U 4] in

2.3 The Set aSO(2)

The set SO(2) is defined as
aSOQ2) ={aR: a € R, R € SO(2)},
where SO(2) is the set of 2D rotation matrices. Recall that SO(2) can be

parametrized by an angle 6§ € (—mn, +7], and any matrix R € SO(2) is in the
form:
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R=R(H) = |:cos(9) —sin(@)i| . 0

sin(8) cos(6)

Clearly, SO(2) C «aSO(2). The set aSO(2) is closed under standard matrix
multiplication, i.e., for any Z;, Z, € aSO(2), also the product Z,Z, € aSO(2). In full
analogy with SO(2), it is also trivial to show that the multiplication is commutative,
i.e., for any Z;, Z, € aSO(2) it holds that Z,Z, = Z,Z;. Moreover, for Z = oR with
R € SO(2) it holds that ZTZ = |a|*L,. The set «SO(2) is also closed under matrix
addition, since for R, R, € SO(2), we have that

G R 4Ry = [c1 —Sl:|+a2 |:cz —s2:| _ @)
S1 €1 §2 C2

_ | aer t e —(a1s1 + azs2) _|a —b — iR
Q18] + 08y o1C1 + b a 3

where we used the shorthands c; and s; for cos(6;) and sin(6;), and we defined a =
ajcy + arcr and b = ays1 + aas;. In (2), the scalar az = ++/a? + b? (if nonzero)

. a —b ~ | a/az —b/a
normalizes [ b a ], such that R; = [h /O; . /a:
then a1 R; + aaR, = 0,x2, which also falls in our definition of «SO(2). From this
reasoning, it is clear that an alternative definition of «SO(2) is

] is a rotation matrix; if a3 = 0,

aSOQ2) = {[Z _a”] cab ER} . 3)

aSO0(2) is tightly coupled with the set of complex numbers C. Indeed, a matrix in
the form (3) is also known as a matrix representation of a complex number [39]. We
explore the implications of this fact for PGO in Sect. 3.3.

3 Pose Graph Optimization in the Complex Domain

3.1 Standard PGO

PGO estimates n poses from m relative pose measurements. We focus on the planar
case, in which the i-th pose x; is described by the pair x; = (p;, R;), where p; € R? is
a position in the plane, and R; € SO(2) is a planar rotation. The pose measurement
between two nodes, say i and j, is described by the pair (A, R;), where A; € R?
and R;; € SO(2) are the relative position and rotation measurements, respectively.

The problem can be visualized as a directed graph ¢ (¥, &), where an unknown
pose is attached to each node in the set 7/, and each edge (i,j) € & corresponds to
a relative pose measurement between nodes i and j (Fig. 2).
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Fig. 2 Schematic representation of Pose Graph Optimization: the objective is to associate a pose
x; to each node of a directed graph, given relative pose measurements (A;;, R;;) for each edge (i, j)
in the graph

In a noiseless case, the measurements satisfy:
Aj =Rl (pj—p).  Rj=RR. )

and we can compute the unknown rotations {Ry, ..., R,} and positions {py, ..., p,}
by solving a set of linear equations (relations (4) become linear after rearranging the
rotation R; to the left-hand side). In absence of noise, the problem admits a unique
solution as long as one fixes the pose of a node (say p; = 0, and R; = I,) and the
underling graph is connected.

In this work we focus on connected graphs, as these are the ones of practical
interest in PGO (a graph with k connected components can be split in k subproblems,
which can be solved and analyzed independently).

Assumption 1 (Connected Pose Graph). The graph & underlying the pose graph
optimization problem is (weakly) connected.

In presence of noise, the relations (4) cannot be met exactly and pose graph
optimization looks for a set of positions {py, ..., p,} and rotations {R, ..., R,} that
minimize the mismatch with respect to the measurements. This mismatch can be
quantified by different cost functions. We adopt the formulation proposed in [12]:

1
. T 2 T2
oy D 1A= R (i =l + 3 IRy — RTR| 5)
(ij)e&
where | - ||; is the standard Euclidean distance and | - || is the Frobenius norm.

The Frobenius norm ||R, — Ry ||F is a standard measure of distance between two
rotations R, and R, and it is commonly referred to as the chordal distance, see,
e.g., [37]. In (5), we used the short-hand notation {p;} (resp. {R;}) to denote the set
of unknown positions {p; ..., p,} (resp. rotations).

Rearranging the terms, problem (5) can be rewritten as:

1
min = i) — RiAy |3 + S IR — RiRy 12, 6
{pi}{Ri}eso)" (,‘]')ZE(@ ”(p] pz) i 1]”2 2” j i U”F (6)
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where we exploited the fact that the 2-norm is invariant to rotation, i.e., for any
vector v and any rotation matrix R it holds ||[Rv||; = |v|2- Eq. (6) highlights that
the objective is a quadratic function of the unknowns.

The complexity of the problem stems from the fact that the constraint R; € SO(2)
is nonconvex, see, e.g., [66]. To make this more explicit, we follow the line of [12],
and use a more convenient representation for nodes’ rotations. Every planar rotation
R; can be written as in (1), and is fully defined by the vector

_ | cos(6))
= [sin(@i):|' )

Using this parametrization and with simple matrix manipulation, Eq. (6) becomes
(cf. with Eq. (11) in [12]):

min 3" oo (= pi) — Dyrill3 + |l — Ryrill3 (®)
{pitAri} ;
s.t.: lnl3=1, i=1,....,n
where we defined:
A _AY ) ) 7
e L A} - (with 4y = 147 41T, ©)

and where the constraints ||7;]|3 = 1 specify that we look for vectors ; that represent
admissible rotations (i.e., such that cos(6;)? + sin(6;)*> = 1).

Problem (8) is a quadratic problem with quadratic equality constraints. The
latter are nonconvex, hence computing a local minimum of (8) is hard in general.
There are two problem instances, however, for which it is easy to compute a
global minimizer, which attains zero optimal cost. These two cases are recalled
in Propositions 1 and 2, while procedures to compute the corresponding optimal
solutions are given in sections “Proof of Proposition 1: Zero Cost in Trees” and
“Proof of Proposition 2: Zero Cost in Balanced Graphs” in Appendix.

Proposition 1 (Zero Cost in Trees). An optimal solution for a PGO problem in
the form (8) whose underlying graph is a tree attains zero cost.

The proof is given in section “Proof of Proposition 1: Zero Cost in Trees”
in Appendix. Roughly speaking, in a tree, we can build an optimal solution by
concatenating the relative pose measurements, and this solution annihilates the cost
function. This comes with no surprises, as the chords (i.e., the extra edges, added
to a spanning tree) are indeed the elements that create redundancy and improve the
pose estimate. However, also for graphs with chords, it is possible to attain the zero
cost in problem (8).
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Definition 1 (Balanced Pose Graph). A pose graph is balanced if the pose
measurements compose to the identity along each cycle in the graph.>-?

In a balanced pose graph, there exists a configuration that explains exactly the
measurements, as formalized in the following proposition.

Proposition 2 (Zero Cost in Balanced Pose Graphs). An optimal solution for a
balanced pose graph optimization problem attains zero cost.

The proof is given in section “Proof of Proposition 2: Zero Cost in Balanced
Graphs” in Appendix. The concept of balanced graph describes a noiseless setup,
while in real instances the measurements do not compose to the identity along
cycles, because of noise. Note that a tree can be considered a special case of a
balanced graph with no cycles.

We note the following fact, which will be useful in Sect. 3.2.

Proposition 3 (Coefficient Matrices in PGO). Matrices Dj;, I,, —I», R;j appearing
in (8) belong to aSO(2).

This fact is trivial, since Rj, I, € SO(2) C aSO(2) (the latter also implies
—I, € aSO(2)). Moreover, the structure of Dj; in (9) clearly falls in the definition of
matrices in «SO(2) given in (3).

3.2 Matrix Formulation and Anchoring

In this section we rewrite the cost function (8) in a more convenient matrix form.
The original cost is:

f@.r) = > N —pi) = Dyril3 + llr; — Ryrill3 (10)

(ipe&

where we denote with p € R?" and r € R?" the vectors stacking all nodes positions
and rotations, respectively. Now, let o/ € R™*" denote the incidence matrix of the
graph underlying the problem: if (i, j) is the k-th edge, then &7; = —1, &; = +1.
Let o = o ® I, € R and denote with <7, € R¥*?" the k-th block row of <.
From the structure of .<7, it follows that &p = p; — p;. Also, we define D € R>"*?"
as a block matrix where the k-th block row D; € R>*?" corresponding to the k-th

2We use the somehow standard term “composition” to denote the group operation for SE(2). For
two poses 71 = (p1,Ry) and T> = (p2, Ry), the composition is T} - T> = (p; + Rip2, R1Ry) [16].
Similarly, the identity element is (05, I).

3When composing measurements along the loop, edge direction is important: for two consecutive
edges (i, k) and (k, ) along the loop, the composition is Tj; = Ty - Ty;, while if the second edge is
in the form (j, k), the composition becomes T;; = Ty, - T,; 1
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edge (i,)) is all zeros, except for a 2 x 2 block —Dj; in the i-th block column. Using
the matrices .« and D, the first sum in (10) can be written as:

> @i =p) = Dyrill; = Y llhp + Durll5 = |l/p + Drl3 (1)
(ij)e& k=1

Similarly, we define U € R*"™?" as a block matrix where the k-th block row
Uy € R¥?" corresponding to the k-th edge (i, /) is all zeros, except for 2 x 2 blocks
in the i-th and j-th block columns, which are equal to —R;; and I, respectively. Using
U, the second sum in (10) becomes:

m

> = Ryril3 = >N Orll3 = 11073 (12)
k=1

(ij)eé

Combining (11) and (12), the cost in (10) becomes:
ton < I[P =[] [77< ™D [
Lo U] 2_ r D'« D'D+UTU||r

BRI
where we defined Q=D'D+U"Uand & = %-Tﬁ_f_ , to simplify notation. Note
that, since @ = & ® I, it is easy to show that ¥ = £ ® I, where .£¥ =

/7o is the Laplacian matrix of the graph underlying the problem. A pose graph
optimization instance is thus completely defined by the matrix

R —
V= [Dﬁi %QD] € R (14)

From (13), # can be easily seen to be symmetric and positive semidefinite. Other
useful properties of # are stated in the next proposition.

Proposition 4 (Properties of 7). Matrix % in (14) is positive semidefinite, and

1. has at least two eigenvalues in zero;

2. is composed by 2 x 2 blocks [#'];;, and each block is a multiple of a rotation
matrix, i.e., [#];j € aSO(2), Vi,j = 1,...,2n. Moreover, the diagonal blocks of
W are nonnegative multiples of the identity matrix, i.e., [# )i = a;ilp, o > 0.

A formal proof of Proposition 4 is given in section “Proof of Proposition 4:
Properties of %/ in Appendix. An intuitive explanation of the second claim follows
from the fact that (1) % contains sums and products of the matrices in the original
formulation (8) (which are in «SO(2) according to Lemma 3), and (2) the set «SO(2)
is closed under matrix sum and product (Sect. 2.3).
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The presence of two eigenvalues in zero has a very natural geometric interpre-
tation: the cost function encodes inter-nodal measurements, hence it is invariant
to global translations of node positions, i.e., f(p,r) = f(p + pa,r), where p, =
(1, ® L)a = [a" ... a']" (n copies of a), with a € RZ. Algebraically, this
translates to the fact that the matrix (1, ® 1) € R*™? is in the null space of the
augmented incidence matrix .7, which also implies a two dimensional null space
for 7.

Position Anchoring In this paper we show that the duality properties in pose
graph optimization are tightly coupled with the spectrum of the matrix %". We are
particularly interested in the eigenvalues at zero, and from this perspective it is not
convenient to carry on the two null eigenvalues of # (claim 1 of Proposition 4),
which are always present, and are due to an intrinsic observability issue.

We remove the translation ambiguity by fixing the position of an arbitrary node.
Without loss of generality, we fix the position p; of the first node to the origin, i.e.,
p1 = 0,. This process is commonly called anchoring. Setting p; = 0 is equivalent
to removing the corresponding columns and rows from %/, leading to the following
“anchored” PGO problem:

02 T 02 T
fo=1p| 7| o =m W[f] (15)
r r

where p is the vector p without its first two-elements vector p;, and W is obtained
from % by removing the rows and the columns corresponding to p;. The structure

of W is as follows:
ATA ATD].[LS
W= |2 “_ = .= 16
5 o ]* (s3] a9

where A = A ® I, and A is the anchored (or reduced) incidence matrix, obtained
by removing the first column from 7, see, e.g., [14]. On the right-hand-side of (16)
we defined S =ATDand L = ATA.

We call W the real (anchored) pose graph matrix. W is still symmetric and
positive semidefinite (it is a principal submatrix of a positive semidefinite matrix).
Moreover, since W is obtained by removing a 2 x 4n block row and a 4n x 2 block
column from %, it is still composed by 2 x 2 matrices in «SO(2), as specified in the
following remark.

Remark 1 (Properties of W). The positive semidefinite matrix W in (16) is com-
posed by 2 x 2 blocks [W];;, that are such that [W]; € «SO(2), Vi,j=1,...,2n—1.
Moreover, the diagonal blocks of W are nonnegative multiples of the identity matrix,
ie., [W]ii = a;ilh, a > 0.
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After anchoring, our PGO problem becomes:

T
s [2] o[]

st nl3=1, i=1,...,n

3.3 To Complex Domain

In this section we rewrite problem (17), in which the decision variables are
real vectors, into a problem in complex variables. The main motivation for this
choice is that the real representation (17) is somehow redundant: as we show in
Proposition 7, each eigenvalue of W is repeated twice (multiplicity 2), while the
complex representation does not have this redundancy, making analysis easier. In the
rest of this chapter, quantities marked with a tilde (*) live in the complex domain C.

Any real vector v € R? can be represented by a complex number 7 = nel®,
where j> = —1 is the imaginary unit, n = ||v||, and ¢ is the angle that v forms with
the horizontal axis. We use the operator (-)¥ to map a 2-vector to the corresponding
complex number, ¥ = v¥. When convenient, we adopt the notation v ~ ¥, meaning
that v and v are the vector and the complex representation of the same number.

The action of a real 2 x 2 matrix Z on a vector v € R? cannot be represented,
in general, as a scalar multiplication between complex numbers. However, if Z €
aS0(2), this is possible. To show this, assume that Z = «aR(0), where R(0) is a
counter-clockwise rotation of angle 6. Then,

Zv =aR()v ~% 70, wherez=ae". (18)

With slight abuse of notation we extend the operator (-)¥ to «SO(2), such that, given
Z = aR(f) € aSO(2), then ZV¥ = ael’ € C. By inspection, one can also verify the
following relations between the sum and product of two matrices Z;,Z, € aSO(2)
and their complex representations Z), Z;’ € C:

(2, )Y =2) 7y Z+ ) =2Y + 7. (19)

We next discuss how to apply the machinery introduced so far to reformulate
problem (17) in the complex domain. The variables in problem (17) are the vectors

p € R?®=D and r € R?" that are composed by 2-vectors, i.e., p = [o],....p[,]T

and r = [rlT, ..., r1T, where Pi,1i € R2. Therefore, we define the complex

>'n

positions and the complex rotations:

Nt
Il

Bls- -y Pua1]* € C'L, where: p; = pY

[p
=[F.....7]" €C" where:F; =r’

(20)

Using the complex parametrization (20), the constraints in (17) become:

#?=1, i=1,...,n. 1)
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Similarly, we would like to rewrite the objective as a function of p and 7. This re-
parametrization is formalized in the following proposition, whose proof is given in
section “Proof of Proposition 5: Cost in the Complex Domain” in Appendix.

Proposition 5 (Cost in the Complex Domain). For any pair (p,r), the cost
function in (17) is such that:

T Lk
son=[7] v [7]=[2] ¥
r r 7
where the vectors p and T are built from p and r as in (20), and the matrix W e
C@=Dx@n=D s sych that Wy = [W]l\j/ withi,j=1,...,2n—1.

hlle¥

] (22)

Remark 2 (Real Diagonal Entries for W). According to Remark 1, the diagonal
blocks of W are multiples of the identity matrix, i.e., [W]ii = ayil>. Therefore, the
diagonal elements of W are W;; = [W]Y = «; € R.

Proposition 5 enables us to rewrite problem (17) as:

~ * ~
£* = min m Vv[{’] 23)
p.r r r
st: |R2P=1, i=1,...,n

We call W the complex (anchored) pose graph matrix. Clearly, the matrix W
preserves the same block structure of W in (16):

- . [LS
o[£ ]

where §* is the conjugate transpose of S, and L = ATA where A is the anchored
incidence matrix. In Sect. 4 we apply Lagrangian duality to the problem (23). Before
that, we provide results to characterize the spectrum of the matrices W and W,
drawing connections with the recent literature on unit gain graphs, [61].

3.4 Analysis of the Real and Complex Pose Graph Matrices

In this section we take a closer look at the structure and the properties of the real
and the complex pose graph matrices W and W. In analogy with (13) and (16), we

write W as
. T TR n* 2
o[ ATA _ATD_1_[4D]'[AD os)
(A'D)* U*U + D*D oU ouU

where U € C™*n andf) € (Cf"x” are the “complex versions” of Uand Din (13),i.e.,
they are obtained as U; = [U]; and D = [D]y, Vi, .
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Incidence matrix:

ol M ~1+41 0 07 (1,2)
Pl [ Seee— To 0-1+4+1 0] (2,3)
P o = 0 0-1+1] (3,4)
+1 0 0-1] (41)
e ' 0+1 0-1] (4,2)
Zy
Anchored Incidence matrix: Complex Incidence matrix:
+1 0 0 % 410 0
—141 0 0 —el% 41 0
A=| 0—1+1 U=| 0 0 —ef% 41
0 0-1 +1 0 0 —eifu
+1 0 -1 0 +1 0 —el%

Fig. 3 Example of incidence matrix, anchored incidence matrix, and complex incidence matrix,
for the toy PGO problem on the top left. If R; = R(8;) is the relative rotation measurement
associated to edge (i, j), then the matrix U can be seen as the incidence matrix of a unit gain graph
with gain e% associated to each edge (i, f)

The factorization (25) is interesting, as it allows to identify two important
matrices that compose W: the first is A, the anchored incidence matrix that we
introduced earlier; the second is U which is a generalization of the incidence matrix,
as specified by Definition 2 and Lemma 1 in the following. Figure 3 reports the
matrices A and U for a toy example with four poses.

Definition 2 (Unit Gain Graphs). A unit gain graph (see, e.g., [61]) is a graph in

which to each orientation of an edge (i, ) is assigned a complex number Z; (with

|z;j| = 1), which is the inverse of the complex number EL assigned to the opposite
ij

orientation (j, 7). Moreover, a complex incidence matrix of a unit gain graph is a
matrix in which each row corresponds to an edge and the row corresponding to
edge e = (i,j) has —Z; on the i-th column, 41 on the j-th column, and zero
elsewhere.

Roughly speaking, a unit gain graph describes a problem in which we can
“flip” the orientation of an edge by inverting the corresponding complex weight.
To understand what this property means in our context, recall the definition (12),
and consider the following chain of equalities:

O3 = > M= Ryril3 = Y llri— Ry 73 (26)

(ipe& (ie&
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which, written in the complex domain, becomes:

. T L - - 1
107I5= D 17— TP = 3 [ —e 5= 3 im il @D

(ij)es (ij)e& (i)ees

Eq.(27) essentially says that the term ||f]?||§ does not change if we flip the
orientation of an edge and invert the relative rotation measurement. The proof of
the following lemma is straightforward from (27).

Lemma 1 (Properties of U). Matrix U is a complex incidence matrix of a unit gain
graph with weights R;]( =% associated to each edge (i, ).

Our interest towards unit gain graphs is motivated by the recent results in [61] on
the spectrum of the incidence matrix of those graphs. Using these results, we can
characterize the presence of eigenvalues in zero for the matrix W, as specified in the
following proposition (proof in section “Proof of Proposition 6: Zero Eigenvalues
in W” in Appendix).

Proposition 6 (Zero Eigenvalues in W). The complex anchored pose graph matrix
W has a single eigenvalue in zero if and only if the pose graph is balanced or is a
tree.

Besides analyzing the spectrum of W, it is of interest to understand how the
complex matrix W relates to the real matrix W. The following proposition states
that there is a tight correspondence between the eigenvalues of the real pose graph
matrix W and its complex counterpart W.

Proposition 7 (Spectrum of Complex Graph Matrices). The 2(2n— 1) eigenval-
ues of W are the 2n — 1 eigenvalues of W, repeated twice.

See section “Proof of Proposition 7: Spectrum of Complex and Real Pose Graph
Matrices” in Appendix for a proof.

4 Lagrangian Duality in PGO

In the previous section we wrote the PGO problem in complex variables as per
Eq. (23). In the following, we refer to this problem as the primal PGO problem,
that, defining X = [p* 7*]*, can be written in compact form as

*=min *Wx (Primal problem)
f X P (28)
st |5>=1,i=n,....2n—1,

In this section we derive the Lagrangian dual of (28), which is given in Sect. 4.1.
Then, in Sect. 4.2, we discuss an SDP relaxation of (28), that can be interpreted as
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the dual of the dual problem. Finally, in Sect. 4.3 we analyze the properties of the
dual problem, and discuss how it relates with the primal PGO problem.

4.1 The Dual Problem

The Lagrangian of the primal problem (28) is

L(% A) = ¥*Wx + Zli(l — |nic1])
i=1
where A; € R, i = 1,. ... n, are the Lagrange multipliers (or dual variables).
Recalling the structure of W from (24), the Lagrangian becomes:

L(x A) = x[S Q(k)} +ZA = FWOE+ Y A

i=1
where for notational convenience we defined

00 = O —diag(hr, ... Ay, W) = [SL Qf/l)]

The dual function d : R" — R is the infimum of the Lagrangian with respect to X:

d(A) = inf L(x.X) = inf F*WA)I+ Y 4. (29)

i=1

For any choice of A the dual function provides a lower bound on the optimal value of
the primal problem [7, Sect. 5.1.3]. Therefore, the Lagrangian dual problem looks
for a maximum of the dual function over A:

d* = max d()) = max ir;f FW)X + ;li, (30)

The infimum over X of L(%, ) drifts to —oo unless W(X) > 0. Therefore we
can safely restrict the maximization to vectors A that are such that W(1) > 0;
these are called dual-feasible. Moreover, at any dual-feasible A, the X minimizing
the Lagrangian are those that make ¥*W(1)X = 0. Therefore, (30) reduces to the
following dual problem

d* = mfx DA (Dual problem)

. (31)
t: W(A) > 0.
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The importance of the dual problem is twofold. First, it holds that
d =<f (32)

This property is called weak duality, see, e.g., [7, Sect.5.2.2]. For particular
problems the inequality (32) becomes an equality, and in such cases we say that
strong duality holds. Second, since d(1) is concave (minimum of affine functions),
the dual problem (31) is always convex in A, regardless the convexity properties of
the primal problem. The dual PGO problem (31) is a semidefinite program (SDP).

For a given A, we denote by 2" (1) the set of X that attain the optimal value in
problem (29), if any:

2N ={FHeC! 5= argmin L(X, 1) = arg min WIS

Since we already observed that for any dual-feasible A the points x that minimize
the Lagrangian are such that x*W(1)x = 0, it follows that:

Z(\) = {x e C*': W(A)¥=0} = Kernel(W(1)), for A dual-feasible.
(33)
The following result ensures that if a vector in 2" (1) is feasible for the primal
problem, then it is also an optimal solution for the PGO problem.

Theorem 1. Given A € R", ifan X, € 2 () is primal feasible, then X is primal
optimal; moreover, A is dual optimal, and the duality gap is zero.

A proof of this theorem is given in section “Proof of Theorem 1: Primal-dual
Optimal Pairs” in Appendix.

4.2 SDP Relaxation and the Dual of the Dual

We have seen that a lower bound d* on the optimal value f* of the primal (28) can
be obtained by solving the Lagrangian dual problem (31). Here, we outline another,
direct, relaxation mettlod to obtzjin such bound.
Observing that x*Wx = Tr(Wxx*), we rewrite (28) equivalently as
f* = min Tr WX (34)
Xz
st:TrEX=1, i=n,....2n—1,
X = ix*.

where E; is a matrix that is zero everywhere, except for the i-th diagonal element,
which is one. The condition X = X¥X* is equivalent to (1) X > 0 and (2) X has rank
one. Thus, (34) is rewritten by eliminating X as
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fr= m}%n Tr WX (35)

st.TrEX=1, i=n,....2n—1,
X>0
rank(X) = 1.

Dropping the rank constraint, which is non-convex, we obtain the following SDP
relaxation (see, e.g., [80]) of the primal problem:

s* =min Tr WX
X

st:TrEX=1,i=n,....2n—1, (36)
X>0
which we can also rewrite as
s* =min Tr VX (SDP relaxation)
X
st Xy =1,i=mn,...,2n—1, (37
X>0

where 5(,«,- denotes the i-th diagonal entry in X. Obviously, s* < f*, since the feasible
set of (37) contains that of (35). One may then ask what is the relation between
the Lagrangian dual and the SDP relaxation of problem (37): the answer is that the
former is the dual of the latter hence, under constraint qualification, it holds that
s* = d*, i.e., the SDP relaxation and the Lagrangian dual approach yield the same
lower bound on f™*. This is formalized in the following proposition.

Proposition 8. The Lagrangian dual of problem (37) is problem (31), and vice-
versa. Strong duality holds between these two problems, i.e., d* = s*. Moreover, if
the optimal solution X* of (37) has rank one, then s* = f*, and hence d* = f*.

Proof. The fact that the SDPs (37) and (31) are related by duality can be found
in standard textbooks (e.g. [7, Example 5.13]); moreover, since these are convex
programs, under constraint qualification, the duality gap is zero, i.e., d* = s*. To
prove that rank(f(*) =1 = s* =d* = f*, we observe that (i) TIWX* = s* <f*
since (37) is a relaxation of (35). However, when rank(f(*) = 1, X* is feasible
for problem (37), hence, by optimality of f*, it holds (i) f* < f(X*) = TrWX*.
Combining (i) and (ii) we prove that, when rank(f( *) = 1, then f* = s*, which also
implies f* = d*. O

To the best of our knowledge this is the first time in which this SDP relaxation
has been proposed to solve PGO; in the context of SLAM, anther SDP relaxation
has been proposed by Liu et al. [53], but it does not use the chordal distance and
approximates the expression of the relative rotation measurements. For the rotation
subproblem, SDP relaxations have been proposed in [32, 67, 72]. According to
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Proposition 8, one advantage of the SDP relaxation approach is that we can a-
posteriori check if the duality (or, in this case, the relaxation) gap is zero, from
the optimal solution X*. Indeed, if one solves (37) and finds that the optimal X* has
rank one, then we actually solved (28), hence the relaxation gap is zero. Moreover,
in this case, from spectral decomposition of X* we can get a vector ¥* such that
X* = (¥*)(5*)*, and this vector is an optimal solution to the primal problem.

In the following section we derive similar a-posteriori conditions for the dual
problem (31). These conditions enable the computation of a primal optimal solution.
Moreover, they allow discussing the uniqueness of such solution. Furthermore, we
prove that in special cases we can provide a-priori conditions that guarantee that the
duality gap is zero.

4.3 Analysis of the Dual Problem

In this section we provide conditions under which the duality gap is zero. These
conditions depend on the spectrum of W(A*), which arises from the solution of (31).
We refer to W(A*) as the penalized pose graph matrix. A first proposition establishes
that (31) attains an optimal solution.

Proposition 9. The optimal value d* in (31) is attained at a finite A*. Moreover, the
penalized pose graph matrix W(A*) has an eigenvalue in 0.

Proof. Since W(A) > 0 implies that the diagonal entries are nonnegative, the
feasible set of (31) is contained in the set {A : Wii —A>0,i=1,...,2n—1}
(recall that V~Vi,- are reals according to Remark 2). On the other hand, A; = 0,,—; is
feasible and all points in the set {1 : A; > 0 yield an objective that is at least as

good as the objective value at A;. Therefore, the problem is equivalent to mflx Dok

subject to the original constraint, plus a box constrainton A € {0 < A; < W,-,-, i =
1,...,n}. Thus we maximize a linear function over a compact set, hence a finite
optimal solution A* must be attained.

Now let us prove that VV(A*) has an eigenvalue in zero. Assume by contradiction
that W(1*) > 0. From the Schur complement rule we know:

L>0

WAD =090 500 — 51715 - 0

(38)

The condition L > 0 is always satisfied for a connected graph, since L = ATA,
and the anchored incidence matrix A, obtained by removing a node from the
original incidence matrix, is always full-rank for connected graphs [68, Sect. 19.3].
Therefore, our assumption W(A*) > 0 implies that

O(A*) —S*L7'S = 0 — §*L™'S — diag(A*) > 0 (39)
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Now, let
€ = Amin(Q(A*) = S*L™'5) > 0.
which is positive by the assumption W(1*) > 0. Consider A = A* + €1, then
OM) —S*L7'S = Q(A) — S*L™'S—el > 0,

thus A is dual feasible, apd Zi A > Zi A¥, which would contradict optimality of
A*. We thus proved that Q(1*) must have a zero eigenvalue. |

Proposition 10 (No Duality Gap). If the zero eigenvalue of the penalized pose
graph matrix W(A*) is simple then the duality gap is zero, i.e., d* = f*.

Proof. We have already observed in Proposition 8 that (37) is the dual problem
of (31), therefore, we can interpret X as a Lagrange multiplier for the constraint
W(A) = 0. If we consider the optimal solutions X* and A* of (37) and (31),
respectively, the complementary slackness condition ensures that Tr(W(A1*)X*) = 0
(see [7, Example 5.13]). Let us parametrize X* > 0as

2n—1
v ~ o~k
X* = E Wiv;;
=1

where 0 < p; < pup < --- < uy,— are the eigenvalues of X, and ¥; form a unitary
set of eigenvectors. Then, the complementary slackness condition becomes

2n—1
Tr(WA)X*) = Tr (W(x*) > M,-ﬁ;ﬁf)
i=1
2n—1
= > wTr (WA 5:57)
i=1
2n—1
= > Wb WA = 0.

i=1

Since W(A*) > 0, the above quantity is zero at a nonzero X* (5(* cannot be zero
since it needs to satisfy the constraints X,-,- = l)if and only if u; = 0 fori =
m+1,...,2n—1, and W(A*)ﬁi = 0fori=1,...,m, where m is the multiplicity
of 0 as an eigenvalue of W(A1*). Hence X* has the form

Xr =) i}, (40)
i=1
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where v;,, i = 1,...,m, f0rm~a unitary basis of the null-space of VV(/\*). Now,
if m = 1, then the solution X* to problem (37) has rank one, but according to
Proposition 8 this implies d* = f*, proving the claim. O

In the following we say that W(A*) satisfies the single zero eigenvalue property
(SZEP) if its zero eigenvalue is simple. The following corollary provides a more
explicit relation between the solution of the primal and the dual problem when
W(L*) satisfies the SZEP.

Corollary 1 (SZEP = * € 2 (A*)). If the zero eigenvalue of W(A*) is simple,
then the set 2 (A*) contains a primal optimal solution. Moreover, the primal
optimal solution is unique, up to an arbitrary rotation.

Proof. Let ¥* be a primal optimal solution, and let f* = (¥*)*W(¥*) be the

corresponding optimal value. From Proposition 10 we know that the SZEP implies
that the duality gap is zero, i.e., d* = f*, hence

DA = E)WE). 1)
i=1
Since X* is a solution of the primal, it must be feasible, hence |5c;'|2 =1,i =
n,...,2n — 1. Therefore, the following equalities holds:
n n O O
A= L P = @) 7 4
; i ; z|xn+z—1 (x ) |:O dlag(k*):| (X ) ( )
Plugging (42) back into (41):
@y |w—|2 O© ) = 0o F)WAHE) =0 (43)
0 diag(A*) o o

which proves that ¥* belongs to the null space of W(1*), which coincides with our
definition of 2 (A*) in (33), proving the first claim.

Let us prove the second claim. From the first claim we know that the SZEP
implies that any primal optimal solution is in .2"(A*). Moreover, when W(A*) has a
single eigenvalue in zero, then 2" (1*) = Kernel(W(A*)) is 1-dimensional and can
be written as 2 (A*) = {y x* : y € C}, or, using the polar form for y:

(A = {ned? 3 19, ¢ € R} (44)

From (44) it’s easy to see that any 1 # 1 would alter the norm of x*, leading to a
solution that it’s not primal feasible. On the other hand, any e/%* belongs to 2" (1*),
and it’s primal feasible (|¢#X}| = |%}|), hence by Theorem 1, any e/*%* is primal
optimal. We conclude the proof by noting that the multiplication by e/ corresponds
to a global rotation of the pose estimate x*: this can be easily understood from the
relation (18). O
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Proposition 10 provides an a-posteriori condition on the duality gap, that requires
solving the dual problem; while Sect. 6 will show that this condition is very useful
in practice, it is also interesting to devise a-priori conditions, that can be assessed
from the pose graph matrix W, without solving the dual problem. A first step in this
direction is the following proposition.

Proposition 11 (Strong Duality in Trees and Balanced Pose Graphs). Strong
duality holds for any balanced pose graph optimization problem, and for any pose
graph whose underlying graph is a tree.

Proof. Balanced pose graphs and trees have in common the fact that they attain
f* = 0 (Propositions 1 and 2). By weak duality we know that d* < 0. However,
A = 0, is feasible (as W > 0) and attains d(A) = 0, hence A = 0, is feasible and
dual optimal, proving d* = f*. O

S Algorithms

In this section we exploit the results presented so far to devise an algorithm to solve
PGO. The idea is to solve the dual problem, and use A* and W(A*) to compute a
solution for the primal PGO problem. We split the presentation into two sections:
Sect. 5.1 discusses the case in which W(1*) satisfies the SZEP, while Sect.5.2
discusses the case in which W(A*) has multiple eigenvalues in zero. This distinction
is important as in the former case (which is the most common in practice) we can
compute a provably optimal solution for PGO, while in the latter case our algorithm
returns an estimate that is not necessarily optimal. Finally, in Sect. 5.3 we summarize
our algorithm and present the corresponding pseudocode.

5.1 Casel: W()L*) Satisfies the SZEP

According to Corollary 1, if W(A*) has a single zero eigenvalue, then the optimal
solution of the primal problem x* is in 2 (A*), where 2 (A*) coincides with the
null space of W(A*), as per (33). Moreover, this null space is 1-dimensional, hence
it can be written explicitly as:

2 (A*) = Kernel(W(A*)) = {# e C" 11 § = yi*}, (45)

which means that any vector in the null space is a scalar multiple of the primal
optimal solution x*. This observation suggests a computational approach to compute
X*. We can first compute an eigenvector v corresponding to the single zero
eigenvalue of W(A*) (this is a vector in the null space of W(A*)). Then, since *
must be primal feasible (i.e., |x,| = ... = |X2,—1] = 1), we compute a suitable
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scalar y that makes %D primal feasible. This scalar is clearly y = |1,| = ... =
|U2,—1| (we essentially need to normalize the norm of the last n entries of v). The
existence of a suitable y, and hence the fact that |v,] = ... = |Uy—1] > O,
is guaranteed by Corollary 1. As a result we get the optlmal solutlon xX* = 16

The pseudocode of our approach is given in Algorithm 1, and further dlscussed in
Sect. 5.3.

5.2 Case2: V~V()c*) does not Satisfy the SZEP

Currently we are not able to compute a guaranteed optimal solution for PGO, when
W(A*) has multiple eigenvalues in zero. Nevertheless, it is interesting to exploit the
solution of the dual problem for finding a (possibly suboptimal) estimate, which can
be used, for instance, as initial guess for an iterative technique.

Eigenvector Method One idea to compute a suboptimal solution from the dual
problem is to follow the same approach of Sect. 5.1: we compute an eigenvector of
W(A*), corresponding to one of the zero eigenvalues, and we normalize it to make
it feasible. In this case, we are not guaranteed that |v,| = ... = |U,—1| > O (as in
the previous section), hence the normalization has to be done component-wise, for
each of the last n entries of v. In the following, we consider an alternative approach,
which we have seen to perform better in practice (see experiments in Sect. 6).

Null Space Method This approach is based on the insight of Theorem 1: if there
is a primal feasible x € 2 (1*), then X must be primal optimal. Therefore we look
for a vector X € 2 (A*) that is “close” to the feasible set. According to (33), 2 (A*)
coincides with the null space of W(1*). Let us denote with V € C?*~D*4 a basis
of the null space of W(A*), where ¢ is the number of zero eigenvalues of W(r*).4
Any vector ¥ in the null space of W(A*) can be written as ¥ = VZ, for some vector
Z € C4. Therefore we propose to compute a possibly suboptimal estimate ¥ = Vz*,
where z* solves the following optimization problem:

2n—1
max Z real(V;Z) + imag(V;z) (46)
¥4 Pl

s.t.: Viz? <1, i=n,...2n—1

where V; denotes the i-th row of V, and real(-) and imag(-) return the real and the
imaginary part of a complex number, respectively. For an intuitive explanation of
problem (46), we notice that the feasible set of the primal problem (28) is described
by |%i|> = 1, fori = n,...,2n—1. In problem (46) we relax the equality constraints

4V can be computed from singular value decomposition of W(A*).
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to convex inequality constraints |5cl~|2 <1,fori =n,...,2n—1; these can be written
as |Viz)? < 1, recalling that we are searching in the null space of W(A*), which is
spanned by VZ. Then, the objective function in (46) encourages “large” elements
ViZ, hence pushing the inequality |Vz|2 < 1 to be tight. While other metrics can
force large entries V;Z, we preferred the linear metric (46) to preserve convexity.

Note that x = f/Z*, in general, is neither optimal nor feasible for our PGO
problem (28), hence we need to normalize it to get a feasible estimate. The
experimental section provides empirical evidence that, despite being heuristic in
nature, this method performs well in practice, outperforming—among the others—
the eigenvector method presented earlier in this section.

5.3 Pseudocode and Implementation Details

The pseudocode of our algorithm is given in Algorithm 1. The first step is to
solve the dual problem, and check the a-posteriori condition of Proposition 10. If
the SZEP is satisfied, then we can compute the optimal solution by scaling the
eigenvector of W(1*) corresponding to the zero eigenvalue ;. This is the case
described in Sect. 5.1 and is the most relevant in practice, since the vast majority of
robotics problems falls in this case.

The “else” condition corresponds to the case in which W(A*) has multiple
eigenvalue in zero. The pseudocode implements the null space approach of Sect. 5.2.
The algorithm computes a basis for the null space of W(A*) and solves (46) to find
a vector belonging to the null space (i.e., in the form ¥ = VZ) that is close to the
feasible set. Since such vector is not guaranteed to be primal feasible (and it is not
in general), the algorithm normalizes the last n entries of ¥* = VZ*, so to satisfy the
unit norm constraints in (28). Besides returning the estimate x*, the algorithm also
provides an optimality certificate when W(A*) has a single eigenvalue in zero.

Algorithm 1 Solving PGO using Lagrangian duality

Input: complex PGO matrix W
Output: primal solution X* and optimality certificate 1sOpt

solve the dual problem (31) and get A*

if W(A*) has a single eigenvalue j; at zero then
compute the eigenvector 7 of W(A*) corresponding to i,
compute x* = %17, where y = |v;], forany j € {n,...,2n—1}
set isOpt = true

else
compute a basis V for the null space of W(A*) using SVD
compute Z* by solving the convex problem (46)

set ¥* = VZ* and normalize |%| to 1, foralli =n, ..., 2n—1
set 1sOpt = unknown
end if

return (x*, 1sOpt)
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6 Numerical Analysis and Discussion

The objective of this section is four-fold. First, we validate our theoretical derivation,
providing experimental evidence that supports the claims. Second, we show that the
duality gap is zero in a vast amount or practical problems. Third, we confirm the
effectiveness of Algorithm 1 to solve PGO. Fourth, we provide toy examples in
which the duality gap is greater than zero, hoping that this can stimulate further
investigation towards a-priori conditions that ensure zero duality gap.

Simulation Setup For each run we generate a random graph with n = 10
nodes, unless specified otherwise. We draw the position of each pose by a uniform
distribution in a 10 m x 10 m square. Similarly, ground truth node orientations are
randomly selected in (—m, +7]. Then we create set of edges defining a spanning
path of the graph (these are usually called odometric edges); moreover, we add
further edges to the edge set, by connecting random pairs of nodes with probability
P. = 0.1 (these are usually called loop closures). From the randomly selected
true poses, and for each edge (i,j) in the edge set, we generate the relative pose
measurement using the following model:

Ay =R (pj—pi) + €a, €a ~ N(0y,03%) (47)
R; = R R R(eg), eg ~ N(0,02)

where €4 € R? and €z € R are zero-mean Normally distributed random variables,
with standard deviation o4 and oy, respectively, and R(eg) is a random planar
rotation of an angle ez. Unless specified otherwise, all statistics are computed over
100 runs.

Spectrum of W In Proposition 6, we showed that the complex anchored pose graph
matrix W has at most one eigenvalue in zero, and the zero eigenvalue only appears
when the pose graph is balanced or is a tree.

Figure 4a reports the value of the smallest eigenvalue of W (in log scale) for
different oy, with fixed 0, = O m. When also o, is zero, the pose graph is balanced,
hence the smallest eigenvalue of W is (numerically) zero. For increasing levels of
noise, the smallest eigenvalue increases and stays away from zero. Similarly, Fig. 4b
reports the value of the smallest observed eigenvalue of W (in log scale) for different
o4, with fixed og = Orad.

Duality Gap is Zero in Many Cases This section shows that for the levels of
measurement noise of practical interest, the matrix W(A*) satisfies the Single Zero
Eigenvalue Property (SZEP), hence the duality gap is zero (Proposition 10). We
consider the same measurement model of Eq. (47), and we analyze the percentage
of tests in which W(1*) satisfies the SZEP.

Figure 5a shows the percentage of the experiments in which the penalized pose
graph matrix V~V(A*) has a single zero eigenvalue, for different values of rotation
noise og, and keeping fixed the translation noise to 04, = 0.1 m (this is a typical
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Fig. 4 Smallest eigenvalue of w (in logarithmic scale) for different levels of (a) rotation noise
(std: og), and (b) translation noise (std: 04). The figure show the minimum observed value over
100 Monte Carlo runs, for non-tree graphs. The minimum eigenvalue is zero only if the graph is
balanced

value in mobile robotics applications). For o < 0.5rad, W(k*) satisfies the SZEP
in all tests. This means that in this range of operation, Algorithm 1 is guaranteed
to compute a globally-optimal solution for PGO. For o = 1rad, the percentage
of successful experiments drops, while still remaining larger than 90 %. Note that
or = lrad is a very large rotation noise (in robotics, typically og < 0.3rad [11]),
and it is not far from the case in which rotation measurements are uninformative
(uniformly distributed in (—7, 4+7]). To push our evaluation further we also tested
this extreme case. When rotation noise is uniformly distributed in (—m, +7x], we
obtained a percentage of successful tests (single zero eigenvalue) of 69 %, which
confirms that the number of cases in which we can compute a globally optimal
solution drops gracefully when increasing the noise levels.

Figure 5b shows the percentage of the experiments in which W(A*) has a single
zero eigenvalue, for different values of translation noise o4, and keeping fixed the
rotation noise to og = 0.1rad. Also in this case, for practical noise regimes, our
approach can compute a global solution in all cases. The percentage of successful
tests drops to 98 % when the translation noise has standard deviation 1m. We also
tested the case of uniform noise on translation measurements. When we draw the
measurement noise from a uniform distribution in [—5, 5]? (recall that the poses are
deployed in a 10 x 10 square), the percentage of successful experiments is 68 %.

We also tested the percentage of experiments satisfying the SZEP for different
levels of connectivity of the graph, controlled by the parameter P.. We observed
100 % successful experiments, independently on the choice of P, for o = o4 =
0.1 and o = 04 = 0.5. A more interesting case if shown in Fig. 5c and corresponds
to the case o = 04 = 1. The SZEP is always satisfied for P. = 0: this is natural
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Fig. 5 Percentage of problems in which W(A*) satisfied the SZEP property, for different (a)
rotation measurement noise og, (b) translation measurement noises o 4, (¢) loop closure probability
P, (d) number of nodes n

as P, = 0 always produces trees, for which we are guaranteed to satisfy the SZEP
(Proposition 11). For P, = 0.2 the SZEP fails in few runs. Finally, increasing the
connectivity beyond P, = 0.4 re-establishes 100 % of successful tests. This would
suggest that the connectivity level of the graph influences the duality gap, and better
connected graphs have more changes to have zero duality gap.

Finally, we tested the percentage of experiments satisfying the SZEP for
different number of nodes n. We tested the following number of nodes: n =
{10, 20, 30, 40, 50}. For g = 04 = 0.1 and o = 04 = 0.5 the SZEP was satisfied
in 100 % of the tests, and we omit the results for brevity. The more challenging case
og = o0a = 1 is shown in Fig.5d. The percentage of successful tests increases
for larger number of poses. We remark that current SDP solvers do not scale well
to large problems, hence a Monte Carlo analysis over larger problems becomes
prohibitive. We refer the reader to [12] for single-run experiments on larger PGO
problems, which confirm that the duality gap is zero in problems arising in real-
world robotics applications.
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Performance of Algorithm 1 In this section we show that Algorithm 1 provides
an effective solution for PGO. When W(1*) satisfies the SZEP, the algorithm is
provably optimal, and it enables to solve problems that are already challenging
for iterative solvers. When the W(A*) does nor satisfy the SZEP, we show
that the proposed approach, while not providing performance guarantees, largely
outperforms competitors.

Case 1: W(A*) satisfies the SZEP. When W(A*) satisfies the SZEP, Algorithm 1
is guaranteed to produce a globally optimal solution. However, one may argue that
in the regime of operation in which the SZEP holds, PGO problem instances are
sufficiently “easy” that commonly used iterative techniques also perform well. In
this paragraph we briefly show that the SZEP is satisfied in many instances that
are hard to solve. For this purpose, we focus on the most challenging cases we
discussed so far, i.e., problem instances with large rotation and translation noise.
Then we consider the problems in which the SZEP is satisfied and we compare
the solution of Algorithm 1, which is proven to attain f*, versus the solution of
a Gauss-Newton method initialized at the frue poses. Ground truth poses are an
ideal initial guess (which is unfortunately available only in simulation): intuitively,
the global minimum of the cost should be close to the ground truth poses (this is
one of the motivations for maximum likelihood estimation). Figure 6 shows the
gap between the objective attained by the Gauss-Newton method (denoted as fgy)
and the optimal objective obtained from Algorithm 1. The figure confirms that
our algorithm provides a guaranteed optimal solution in a regime that is already
challenging, and in which iterative approaches may fail to converge even from a
good initialization.

120 F .
100 -
X +
S~ 80r . +
|
> 60 *
2 4ol t
20 - + £
ob % == i )
op=1 o r =unif. or=0.1 or=0.1
or = 0.1 or = 0.1 or =1 o7 =unif.

Fig. 6 Statistics on tests in which the SZEP is satisfied: the figure reports the gap between the
optimal objective f* attained by Algorithm 1 and the objective fgy attained by a Gauss-Newton
method initialized at the true poses. We simulate different combinations of noise (see x-axis labels),
keeping fixed n = 10 and P. = 0.1. The label “unif.” denotes uniform noise for rotations (in
(—m, +m]) or translations (in [—5, +5])
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Case 2: W(A*) does not satisfy the SZEP. In this case, Algorithm 1 computes an
estimate, according to the null space approach proposed in Sect.5.2; we denote
this approach with the label NS. To evaluate the performance of the proposed
approach, we considered 100 instances in which the SZEP was not satisfied and
we compared our approach against the following methods: a Gauss-Newton method
initialized at the ground truth poses (GN), the eigenvector method described at the
beginning of Sect.5.2 (Eig), and the SDP relaxation of Sect.4.2 (SDP). For the
SDP approach, we compute the solution X* of the relaxed problem (37). If X* has
rank larger than 1, we find the closest rank-1 matrix kal from singular value
decomposition [28]. Then we factorize Xr,mk 1 as ank | = XX* (X can be computed
via Cholesky factorization of Xrank_l [71]). We report the results of our comparison
in the first row of Fig. 7, where we show for different noise setups (sub-figures al—
a4), the cost of the estimate produced by the four approaches. The proposed null
space approach (NS) largely outperforms the Eig and the SDP approaches, and has
comparable performance with an “oracle” GN approach which knows the ground
truth poses.

One may also compare the performance of the approaches NS, Eig, SDP after
refining the corresponding estimates with a Gauss-Newton method, which tops off
residual errors. The cost obtained by the different techniques, with the Gauss-
Newton refinement, are shown in the second row of Fig.7. For this case we
also added one more initialization technique in the comparison: we consider an
approach that solves for rotations first, using the eigenvalue method in [71], and
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Fig. 7 Statistics on tests in which the SZEP is not satisfied: (al)—(a4) Comparison of different
PGO solvers for different levels of noise. The compared approaches are: a Gauss-Newton method
initialized at the ground truth poses (GN), the proposed null space approach (NS), the eigenvector
method (Eig), the SDP relaxation (SDP). (b1)-(b4) Comparison of the techniques GN, NS, Eig,
SDP, refined with a Gauss-Newton method, and an alternative approach which solves for rotations
first (E1gR)
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then applies the Gauss-Newton method from the rotation guess.’ Figure 7bl-b4
show less differences (in average) among the techniques, as in most cases the Gauss-
Newton refinement is able to converge starting from all the compared initializations.
However, for the techniques Eig, SDP, and E1gR we see many red sample points,
which denote cases in which the error is larger than the 75th percentile; these are the
cases in which the techniques failed to converge and produced a large cost. On the
other hand, the proposed NS approach is less prone to converge to a bad minimum
(fewer and lower red samples).

Chain Graph Counterexample and Discussion In this section we consider a
simple graph topology: the chain graph. A chain graph is a graph with edges
(1,2),(2,3),...,(n—1,n), (n,1). Removing the last edge we obtain a tree (or, more
specifically, a path), for which the SZEP is always satisfied. Therefore the question
is: is the SZEP always satisfied in PGO whose underlying graph is a chain? The
answer, unfortunately, is no. Figure 8a provides an example of a very simple chain
graph with five nodes that fails to meet the SZEP property. The figure reports the 4

smallest eigenvalues of W(A1*) (i1, ..., it4), and the first two are numerically zero.
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Fig. 8 (a) Toy example of chain pose graph in which the SZEP fails. In each plot we also report
the four smallest eigenvalues of the penalized pose graph matrix W(A*) for the corresponding PGO
problem. Removing a node from the original graph may change the duality properties of the graph.
In (b), (¢), (d), (e), (f) we remove nodes 1, 2, 3, 4, 5, respectively. Removing any node, except node
3, leads to a graph that satisfied the SZEP

5This was not included in the first row of Fig. 7 as it does not provide a guess for the positions of
the nodes.
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If the chain graph were balanced, Proposition 11 says that the SZEP needs to
be satisfied. Therefore, one may argue that failure to meet the SZEP depends on
the amount of error accumulated along the loop in the graph. Surprisingly, also this
intuition fails. In Fig. 8b—f we show the pose graphs obtained by removing a single
node from the pose graph in Fig. 8a. When removing a node, say k, we introduce a
relative measurement between nodes k—1 and k+ 1, that is equal to the composition
of the relative measurements associated to the edges (k — 1, k) and (k, k 4 1) in the
original graph. By constructions, the resulting graphs have the same accumulated
errors (along each loop) as the original graph. However, interestingly, they do not
necessarily share the same duality properties of the original graph. The graphs
obtained by removing nodes 1,2, 4,5 (shown in figures b, c, e, f, respectively), in
fact, satisfy the SZEP. On the other hand, the graph in Fig. 8c still has 2 eigenvalues
in zero. The data to reproduce these toy examples are reported in section “Numerical
Data for the Toy Examples in Sect. 6 in Appendix.

We conclude with a test showing that the SZEP is not only dictated by the
underlying rotation subproblem but also depends heavily on the translation part of
the optimization problem. To show this we consider variations of the PGO problem
in Fig. 8a, in which we “scale” all translation measurements by a constant factor.
When the scale factor is smaller than one we obtain a PGO problem in which nodes
are closer to each other; for scale > 1 we obtain larger inter-nodal measurements;
the scale equal to 1 coincides with the original problem. Figure 9 shows the second
eigenvalue of W(A*) for different scaling of the original graphs. Scaling down the
measurements in the graph of Fig. 8a can re-establish the SZEP. Interestingly, this is
in agreement with the convergence analysis of [10], which shows that the basin of
convergence becomes larger when scaling down the inter-nodal distances.
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Fig. 9 Second eigenvalue of the matrix W(A*) for different variations of the toy graph of Fig. 8a.
Each variation is obtained by scaling the translation measurements of the original graph by the
amount specified on the x-axis of this figure. When the scale of the measurement is < 0.4 the
second eigenvalue of W(1*) is larger than zero, hence the SZEP is satisfied
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7 Conclusion

We show that the application of Lagrangian duality in PGO provides an appealing
approach to compute a globally optimal solution. More specifically, we propose
four contributions. First, we rephrase PGO as a problem in complex variables.
This allows drawing connection with the recent literature on unit gain graphs, and
enables results on the spectrum of the pose graph matrix. Second, we formulate
the Lagrangian dual problem and we analyze the relations between the primal and
the dual solutions. Our key result proves that the duality gap is connected to the
number of eigenvalues of the penalized pose graph matrix, which arises from the
solution of the dual problem. In particular, if this matrix has a single eigenvalue
in zero (SZEP), then (1) the duality gap is zero, (2) the primal PGO problem has
a unique solution (up to an arbitrary roto-translation), and (3) the primal solution
can be computed by scaling an eigenvector of the penalized pose graph matrix.
The third contribution is an algorithm that returns a guaranteed optimal solution
when the SZEP is satisfied, and (empirically) provides a very good estimate when
the SZEP fails. Finally, we report numerical results, that show that (1) the SZEP
holds for noise levels of practical robotics applications, (2) the proposed algorithm
outperforms several existing approaches, (3) the satisfaction of the SZEP depends on
multiple factors, including graph connectivity, number of poses, and measurement
noise.

Appendix
Proof of Proposition 1: Zero Cost in Trees

We prove Proposition 1 by inspection, providing a procedure to build an estimate
that annihilates every summand in (8). The procedure is as follows:

1. Select a root node, say the first node (p;, r;), with i = 1, and set it to the origin,
i, pi =0y 1, = [10]" (compare with (7) for §; = 0);

2. For each neighbor j of the root i, if j is an outgoing neighbor, set r; = Ryr;, and
pj = pi + Dyr;, otherwise set r; = R;'l.—ri, and p; = p; + Djiry;

3. Repeat point 2 for the unknown neighbors of every node that has been computed
so far, and continue until all poses have been computed.

Let us now show that this procedure produces a set of poses that annihilates the
objective in (8). According to the procedure, we set the first node to the origin:
pr=0r =11 O]T; then, before moving to the second step of the procedure, we
rearrange the terms in (8): we separate the edges into two sets & = & U &, where
& is the set of edges incident on node 1 (the root), and &) are the remaining edges.
Then the cost can be written as:
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fp.ry =" lpi—pi = Dyrill3 + llr; — Ryrill3 +
(ij)€é

+ 3 gy —pi = Dyrill3 + Iy — Ryrill3 (48)
(ij)eé

We can further split the set &7 into edges that have node 1 as a tail (i.e., edges in the
form (1,/)) and edges that have node 1 as head (i.e., (j, 1)):

fp. =Y lpi—p1=Dyril3+ = Ryri[3 +
(l.j).je/Vl"m

+ > e =pi=Darl + Il = Raurls +
G.1) e

+ D lpy—pi = Dyrill3 + llr = Ryrill3 (49)
(ij)eé

Now, we set each node j in the first two summands as prescribed in step 2 of the
procedure. By inspection one can verify that this choice annihilates the first two
summands and the cost becomes:

fp.ry =" lpi—pi—Dyrill3 + llr; — Ryrill3 (50)
(i) €

Now we select a node k that has been computed at the previous step, but has some
neighbor that is still unknown. As done previously, we split the set & into two
disjoint subsets: é_al =& U c?k, where the set & contains the edges in é_ﬁ that are
incident on k, and & contains the remaining edges:

fl,r) = Z ||Pj — Pk _Dk/"’k”% + |7y _Rkjrk||§ +
(k) jeNN G,

+ > == Danlls + e — Rursll3 +
{G.h)jemmNé

+ > b —pi = Dyrill3 + llry — Ryrill3 (51)
(i€

Again, setting neighbors j as prescribed in step 2 of the procedure, annihilates the
first two summands in (51). Repeating the same reasoning for all nodes that have
been computed, but still have unknown neighbors, we can easily show that all terms
in (51) become zero (the assumption of graph connectivity ensures that we can reach
all nodes), proving the claim.
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Proof of Proposition 2: Zero Cost in Balanced Graphs

Similarly to section “Proof of Proposition 1: Zero Cost in Trees” in this Appendix,
we prove Proposition 2 by showing that in balanced graphs one can always build a
solution that attains zero cost.

For the assumption of connectivity, we can find a spanning tree .7 of the graph,
and split the terms in the cost function accordingly:

@)= > lpy—pi—Dyril3 + llry — Ryrill3 +
(ij)eT

+ Y lpi = pi— Dyrill3 + Il — Ryrill3 (52)
(i)eT

where .7 = & \ .7 are the chords of the graph w.r.t. 7.

Then, using the procedure in section “Proof of Proposition 1: Zero Cost in
Trees” in this Appendix we construct a solution {r}, p}} that attains zero cost for
the measurements in the spanning tree 7. Therefore, our claim only requires to
demonstrate that the solution built from the spanning tree also annihilates the terms
in 7:

f@ oy =Y lp —p; = Dyri 13 + Irf — Ry} 113 (53)
(ij)eT

To prove the claim, we consider one of the chords in T a1_1d we show that the
cost at {r, p} is zero. The cost associated to a chord (i,j) € 7 is:

lp; —p; —Dyri 5 + Ir} — Ryr} Il (54)

Now consider the unique path &7; in the spanning tree .7 that connects i to j, and
number the nodes along this pathasi,i + 1,...,j— 1,].

Let us start by analyzing the second summand in (54), which corresponds
to the rotation measurements. According to the procedure in section “Proof of
Proposition 1: Zero Cost in Trees” in this Appendix to build the solution for 7,
we propagate the estimate from the root of the tree. Then it is easy to see that:

ri = Ri—yj- - RiprivoRiprr] (55)

where R;; 4 is the rotation associated to the edge (i, i+ 1), or its transpose if the edge
is in the form (i + 1, i) (i.e., it is traversed backwards along 7;;). Now we notice
that the assumption of balanced graph implies that the measurements compose to
the identity along every cycle in the graph. Since the chord (i, j) and the path &
form a cycle in the graph, it holds:

Rj—ij -+ Rit1it2Riiv1 = Ry (56)
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Substituting (56) back into (55) we get:

which can be easily seen to annihilate the second summand in (54).

Now we only need to demonstrate that also the first summand in (54) is zero. The
procedure in section “Proof of Proposition 1: Zero Cost in Trees” in this Appendix
leads to the following estimate for the position of node j:

p; =pi + Dip1r] + Digrigoriyy + -+ + Dj—yjri (58)

= p; + Diit1r] + DigrioRiip1r! + -+ + Djm1jRimgj1 - - RivritaRia 1]
= pi 4 (Dir+1 + DisritaRiit1 + -+ + DjmijRj—gj—1 -+ Riy1i42Riit1) 1}
The assumption of balanced graph implies that position measurements compose to
zero along every cycle, hence:
Ay = A1 + Rit1Aivri+2 + Rivrit2Riv1 Aivoits + -+
+Rj—zj—1 - Rit1ioRiir14j-1; (59)

or equivalently:
Djj = Diiy1 + Ditri42Riip1 + -
+Dj—1jRj—2j—1 -+ Rit1i+2Rii+1 (60)
Substituting (60) back into (58) we obtain:
p; =p] + Dyr}

which annihilates the first summand in (54), concluding the proof.

Proof of Proposition 4: Properties of W

Let us prove that 7 has (at least) two eigenvalues in zero. We already observed that
the top-left block of # is £ = .Z ® I,, where £ is the Laplacian matrix of the
graph underlying the PGO problem. The Laplacian .Z of a connected graph has a
single eigenvalue in zero, and the corresponding eigenvector is 1, (see, e.g., [18,
Sects. 1.2-1.3]), i.e., £ - 1, = 0. Using this property, it is easy to show that the
matrix N = [()nT lnT]T ® I, is in the nullspace of #/, i.e., #’ N = 0. Since N has
rank 2, this implies that the nullspace of 7 has at least dimension 2, which proves
the first claim.
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Let us now prove that the matrix %  is composed by 2 x 2 blocks [#];;, with
[#]; € aSO(2), Vi,j = 1,...,2n, and [#]; = aul, with a; > 0. We prove
this by direct inspection of the blocks of . Given the structure of # in (14), the
claim reduces to proving that the matrices K% , Q, and ATD are composed by 2 x 2
blocks in «SO(2), and the diagonal blocks of .Z and Q are multiples of the identity
matrix. To this end, we start by observing that £ = £ ® I», hence all blocks in
% are multiples of the 2 x 2 identity matrix, which also implies that they belong to
aSO(2). Consider next the matrix Q = DD + U U. From the definition of D it
follows that DT D is zero everywhere, except the 2 x 2 diagonal blocks:

[D'Dli= > l44l3h. i=1....n 61)

out
JEN

Similarly, from simple matrix manipulation we obtain the following block structure
of UTU

[0 0 = dil,, i=1,...,m

[OT0); =Ry (i) €&

[UT0); = R,T, G.i) € &;

[I_JT l_]],»j = 0yx2, otherwise. (62)

where d; is the degree (number of neighbours) of node i. Combining (61) and (62)
we get the following structure for Q:

[0]i = Bila. i=1,....,m

[0y =—Ryj. () €&

[0]; = R,T, (.i) € &

(0] = Oaxa, otherwise. (63)

where we defined 8; = d; + Z o | A;||3. Clearly, O has blocks in @SO(2) and
the diagonal blocks are nonnegatlve multiples of 1.

Now, it only remains to inspect the structure of AT D. The matrix AT D has the
following structure:

[ATD]Z',' = Zje./if"“‘ Dijv = 1,...,”;
[ATD]U = —Dj;, (i) € &;
[ATD]U = 0yx2, otherwise. (64)

Note that )¢ you Dy is the sum of matrices in aSO(2), hence it also belongs to
aSO(2). Therefore, also all blocks of AT D are in aSO(2), thus concluding the proof.
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Proof of Proposition 5: Cost in the Complex Domain

Let us prove the equivalence between the complex cost and its real counterpart, as
stated in Proposition 5.

We first observe that the dot product between two 2-vectors x;,x, € R?, can be

written in terms of their complex representation X; = x’, and ¥, = x;/, as follows:
k= o~k

X1 X2 + X1X
X x = M2 T A (65)

2

Moreover, we know that the action of a matrix Z € «SO(2) can be written as the

product of complex numbers, see (18).
Combining (65) and (18) we get:

HEih 40

x;erz ~ B

(66)

where Z = ZV. Furthermore, when Z is multiple of the identity matrix, it easy to see
that z = ZV is actually a real number, and Eq. (66) becomes:

x]—le ~X X (67)

With the machinery introduced so far, we are ready to rewrite the cost xT Wax in
complex form. Since W is symmetric, the product becomes:

2n—1 2n—1
xTWx = Z x| [Wlix; + Z 25 Wl (68)
i=1 j=it1

Using the fact that [W];; is a multiple of the identity matrix, Wii = [W]} € R, and
using (67) we conclude x;” [W];x; = ¥ W;;X;. Moreover, defining W; = [W]z\; (these
will be complex numbers, in general), and using (66), Eq. (68) becomes:

2n—1 2n—1
T ~kTE, ~ ~%1is ~ ~ ik =k

x Wx = Z x; Wix; + Z (Xl- Wijxj +x,-Wijxj)
i=1 j=itl
wm—1 [

~k Y17 ~kYI7 ~k Y1
= X Wix; + in Wix; | = x"Wx (69)

= i

where we completed the lower triangular part of W as Wﬁ = V~V;
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Proof of Proposition 6: Zero Eigenvalues in w

Let us denote with N, the number of zero eigenvalues of the pose graph matrix w.
Ny can be written in terms of the dimension of the matrix (W € C?*~D*2=1)) apd
the rank of the matrix:

No = (2n — 1) — rank(W) (70)

Now, recalling the factorization of 1% given in (25), we note that:

rank(W) = rank ([ﬁ g]) = rank(A) + rank(U) (71)

where the second relation follows from the upper triangular structure of the matrix.
Now, we know from [68, Sect. 19.3] that the anchored incidence matrix A, obtained
by removing a row from the the incidence matrix of a connected graph, is full rank:

rank(A) =n—1 (72)
Therefore:
Ny = n — rank(0) (73)

Now, since we recognized that U is the complex incidence matrix of a unit gain
graph (Lemma 1), we can use the result of Lemma 2.3 in [61], which says that:

rank(U) = n — b, (74)

where b is the number of connected components in the graph that are balanced.
Since we are working on a connected graph (Assumption 1), b can be either one
(balanced graph or tree), or zero otherwise. Using (73) and (74), we obtain Ny = b,
which implies that Ny = 1 for balanced graphs or trees, or Ny = 0, otherwise.

Proof of Proposition 7: Spectrum of Complex and Real Pose
Graph Matrices

Recall that any Hermitian matrix has real eigenvalues, and possibly complex
eigenvectors. Let 4 € R be an eigenvalue of W, associated with an eigenvector
veC™ e,

Wi = ub (75)
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From Eq. (75) we have, fori =1,...,2n—1,

2n—1 2n—1
Wyl = b & Y [Wly = po; (76)
=1 =1

where v; is such that viV = v;. Since Eq. (76) holds forall i = 1,...,2n — 1, it can

be written in compact form as:
Wv = pv a7

hence v is an eigenvector of the real anchored pose graph matrix W, associated with
the eigenvalue w. This proves that any eigenvalue of W is also an eigenvalue of W.

To prove that the eigenvalue u is actually repeated twice in W, consider now
Eq. (75) and multiply both members by the complex number ei? :

Wiel? = upel? (78)
Fori=1,...,2n— 1, we have:
2n—1 2n—1
Z VVI;TIN)']'G}]7 = Mﬁieﬁ < Z[W],]WJ = Uw; (79)
j=1 j=1

where w; is such that w;/ = ﬁjej%. Since Eq.(79) holds foralli = 1,...,2n — 1, it
can be written in compact form as:

Ww = uw (80)
hence also w is an eigenvector of W associated with the eigenvalue .

Now it only remains to demonstrate that v and w are linearly independent. One
can readily check that, if v; is in the form v; = n,-e]f)", then

| cos(8;)
v =1 [ sin(6) :| . (81)

Moreover, observing that ﬁjei% = 1;e1@+7/2) then

cos(0; + 7 /2) —sin(6;)
i = i . = i 82
Wi [sm(@i + n/Z)} L [ cos(6;) (82)
From (81) and (82) is it easy to see that v'w = 0, thus v, w are orthogonal,

hence independent. To each eigenvalue 1 of W there thus correspond an identical
eigenvalue of W, of geometric multiplicity at least two. Since W has 2n — 1
eigenvalues and W has 2(2n — 1) eigenvalues, we conclude that to each eigenvalue
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w of W there correspond exactly two eigenvalues of W in . The previous proof
also shows how the set of orthogonal eigenvectors of W is related to the set of
eigenvectors of W.

Proof of Theorem 1: Primal-dual Optimal Pairs

We prove that, given A € R”, if an X; € 2 (A) is primal feasible, then X, is primal
optimal; moreover, A is dual optimal, and the duality gap is zero.
By weak duality we know that for any A:

Lo, A) = f” (83)
However, if x; is primal feasible, by optimality of f*, it must also hold

I =fx) (84)

Now we observe that for a feasible x;, the terms in the Lagrangian associated to
the constraints disappear and £ (x;,A) = f(x;). Using the latter equality and the
inequalities (83) and (84) we get:

ff2fa) =L A) < f” (85)

which implies f(x;) = f*, i.e., x, is primal optimal.
Further, we have that

d*>minZ(x,A) = L, A) =f(x) =17,

which, combined with weak duality (d* < f*), implies that d* = f* and that A
attains the dual optimal value.

Numerical Data for the Toy Examples in Sect. 6

Ground truth nodes poses, written as x; = [piT, 0:]:

x1 = [ 0.0000 —5.0000 0.2451 ]
Xy =[ 4.7553 —1.5451 —0.4496 |
x3=[ 2.9389 4.0451 0.7361 ] (86)
Xy =[—2.9389 4.0451 0.3699 ]
Xs = [ —4.7553 —1.5451 —1.7225 ]
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Relative measurements, for each edge (i, ), written as (i, ) : [A;, ;1:

(1,2) : [ 4.6606 1.2177 2.8186 ]
(2,3) : [ —4.4199 4.8043 0.1519 ]
(3,4) : [ —4.1169 4.9322 0.5638 ] (87)
(4,5) : [ =3.6351 —5.0908 —0.5855 ]
(5.1) [ 3.4744 5.9425 2.5775 |
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Abstract This chapter deals with positive linear systems in continuous-time
affected by a switching signal representing a disturbance driven by a Markov
chain. A state-feedback control law has to be designed in order to ensure mean
stability and input-output Zy-induced or .Zj-induced mean performance. The
chapter is divided into two parts. In the first, the control action is based on the
knowledge of both the state of the system and the sample path of the Markovian
process (mode-dependent control). In the second, instead, only the state-variable
is known (mode-independent control). In the mode-dependent case, as well as in
the single-input mode-independent case, necessary and sufficient conditions for the
existence of feasible feedback gains are provided based on linear programming
tools, also yielding a full parametrization of feasible solutions. In the multi-input
mode-independent case, sufficient conditions are worked out in terms of convex
programming. Some numerical examples illustrate the theory.
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1 Introduction

This chapter deals with stabilization and control of (continuous-time) positive
Markov jump linear systems (PMJLS). The switching signal 8 is a Markov process
associated with a given transition rate matrix.

The class of positive systems in the deterministic setting has been widely studied
in the past years. Relevant general textbooks are available, see [9, 11, 12], and more
specific contributions dealing with Lyapunov functions and input—output norms can
be found in [2, 6, 14—16]. As for the class of Markov Jump Linear Systems (MJLS),
a wide corpus of results is available, see the textbooks [5, 7].

On the other hand, only a few papers on PMILS (in continuous-time) are
available up to now. To the best of the authors knowledge, the first contribution
pointing out the usefulness of the linear programming (LP) approach to the study
of PMIJLS is [2]. More recently, in [4], various notions of stability and their
relationships are studied, while results on stochastic stabilization are provided in
[17]. An application to an epidemiological model can be found in [1]. A very recent
survey on analysis and design of PMIJLS is available in [3].

The chapter is divided into two parts. In the first, the attention is concentrated
on mode-dependent state feedback laws u(f) = KpyX(f), whereas in the sec-
ond the focus is on mode-independent state feedback laws u(f) = Kx(7). The
addressed problems deal with mean stabilization, -Z-induced optimal control and
2, -induced optimal control with a deterministic disturbance w(z). Notably, the first
two problems admit a complete parametrization of the mode-dependent feedback
gains in terms of linear programming. The same is true for the third when the
disturbance w(r) is scalar. The results in the mode-dependent case are inspired
by similar results for time-invariant deterministic positive systems provided in [6]
for Z5-induced control and [8] for .£}-induced control. The .%-induced optimal
control design problem is treated in [16] for the deterministic case, for which
diagonal positive solutions of the design constraints exist. This is not the case of
PMILS, so that this point constitutes a subject of future research. A rather complete
exposition of the mode-dependent control for PMJLS can be found in [3].

The part concerning mode-independent control is inspired by [10]. Its originality
for PMJLS stems from the fact that, in the single-input case, a complete parametriza-
tion of the state-feedback laws u(#) = Kx(7) can be worked out using standard LP
tools. For multi-input systems, a sufficient condition for the existence of a feasible
gain K is developed using convex programming.

1.1 Notation

The semiring of nonnegative real numbers is Ry. The (i,j)-th entry of a matrix
M will be denoted by [M];; and The i-th entry of a vector v will be denoted by
[v];. A matrix M (in particular, a vector) with entries in R is a nonnegative matrix
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(or vector). The matrix (or vector) M is positive (M > 0) if nonnegative and nonzero,
and strictly positive (M >> 0) if all its entries are positive.

The symbol 1, denotes the n-dimensional vector with all entries equal to 1. The
symbol e; will denote the k-th column of the identity matrix (the size will be clear
from the context).

The convex polytope of the nonnegative m-tuples of real numbers that sum up to
1 will be denoted by

m

oceR’i:Z[oc]izl} ={eeR? la=1}.

i=1

f@m =

A square matrix A = [a;] is said to be Metzler if its off-diagonal entries are
nonnegative, namely a; > 0 for every i # j. An n x n Metzler matrix A, with
n > 1,1is reducible if there exists a permutation matrix P such that

PAP — A1 A ’
0 Ay

where A is a k X k matrix, 1 < k < n— 1. A Metzler matrix which is not reducible
is called irreducible. For an irreducible n x n Metzler matrix A it is known that
its eigenvalue with maximum real part is real with multiplicity 1, and is called
the Perron-Frobenius eigenvalue. The corresponding eigenspace is generated by a
strictly positive eigenvector in &, called Perron-Frobenius eigenvector. For further
details on positive systems the reader is referred to [9]. A symmetric matrix Q is
negative definite if and only if all its eigenvalues are negative. A negative definite
matrix is indicated by the expression Q < 0.

The symbol ¥, indicates the set of m x m Metzler matrices A such that A1,, = 0.
Therefore matrices in ¥, represent infinitesimal transition rate matrices associated
with a continuous-time Markov chain.

The 1-norm of a matrix M € R™™ is defined as ||M||; = max ) ., |[[M];]. The

J

oo-norm of a matrix M € R™ is defined as | M| o = max ij:l |[M];]. For a
l

positive matrix M, the absolute value is obviously irrelevant, and these norms can
be computed as ||M||; = mjax 1] Mej and |M| o = max elTMlm, respectively.

If {M; € R™™ i = 1,2,...,N} is a set of matrices, the symbol col{M;} will

denote the matrix in R"™>*” obtained by orderly stacking all the matrices M; in a

single block column. Analogously, the symbol row{};} will denote the matrix in

R™ "N obtained by orderly stacking all the matrices M, in a single block row. Finally,
the symbol diag{M;} will denote the block diagonal matrix in R"V*"N obtained by

orderly putting M; on the diagonal. The range for the index i will be omitted, if clear

from the context. The symbol ® will be used to indicate the Kronecker product.
The set % includes all the (nonnegative) deterministic signals with finite

oo-norm, i.e. bounded on the time interval [0, 00). The set %} includes all the
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(nonnegative) deterministic signals with finite 1-norm, i.e. integrable over the time
interval [0, 0o). The symbol §(¢) denotes the unit impulse.

The expectation of a stochastic variable v will be denoted as E[v]. The con-
ditional expectation of v given the event .« will be indicated by E[v|</]. If
o, b, ...,y are mutually exclusive events whose union covers the entire
event space, then the well-known law of total expectation claims that E[v] =
Zf’zl E[v|<]Pr[<], where Pr[<] denotes the probability of event .<7.

2 Stability and Induced Norms of a PMJLS

This section is devoted to the analysis of mean stability (M-stability), -Z—induced
and .Z,—induced norms of a PMJLS. Define .4 = {1,2,...,N} and let (£2, %, P)
be a complete probability space equipped with a right-continuous filtration
{Z:,t € Ry}. In the sequel, reference will be made to a time-homogeneous Markov
process 0(t) adapted to {.%,} and taking values in .4". The PMJLS is described by

X(1) = Fox(t) + Bonyw(t) ()
2(1) = LoX(?) + Dgyw(t) 2

where x is the n-dimensional state, w is a n,,-dimensional disturbance input and z
is the n,-dimensional performance output. The time evolution for t > 0 of 6(¢) €
A ={1,2,---, N} is completely characterized by its initial probability distribution
and the constant transition rates A;; from mode i to mode j # i. More precisely,
define the transition probabilities Pr{f(t + h) = j|0(t) = i} = Ajh + o(h),i # ],
where 1 > 0, and A;; > 0 is the transition rate from mode i at time ¢ to mode j at
time ¢ + h. Letting

N
Aiiz— Z A,]

=l

and defining A = [A;], the matrix A € 9y is called the transition rate matrix (or
infinitesimal generator) of the Markov process. From now on we assume that the
matrix A is irreducible. Letting 7 (f) € Py represent the probability distribution
of 6(¢), this assumption implies that the stationary probability distribution 7 is the
unique solution in Py of the equation AT = 0, i.e. the equilibrium point of the
Kolmogorov differential equation

x()=ATx@) (3)

If £ (0) = 7, the process 6(¢) is stationary and ergodic.

The matrices F; appearing in the model are n x n Metzler matrices, while B;, L;,
D; are nonnegative matrices for all i € .4, It is assumed that the disturbance signal
w is nonnegative for ¢ > 0. In view of these assumptions, if the initial state at time
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t = 0 is nonnegative, the state vector X remains in the positive orthant and the output
signal z is nonnegative as well, for all # > 0.

Our analysis will concentrate on the Zx—induced and .#;—induced norms of
system (1), (2) under the standing assumption that the input w is a deterministic
disturbance. However, for such a study, it will be useful to assume in passing that
the input w is a stochastic signal adapted to the filtration .%,, i.e. it may depend on
the current and past values of 6(7). We therefore define

m;(7) : = E[x(n|0(n) = i|lx(@));, m = col{m;}
vi(1) : = E[w@®)|0(1) = i][x(n)];, v = col{v;}
Observing that E[x(r)] = vazl m;(¢) and E[w(r)] = vazl v;(t), an elementary

computation shows that the PMJLS can be given a representation in the mean values
in terms of the following deterministic system of order nN:

m(7) = Fm(7) + Bv(r) (4)
E[z(r)] = Lin(t) + Dv(2) (5)
where
F = diag{Fi} + AT ® 1, (6)
B = diag{B;} @)
L = row{L;} (8)
D = row{D;} 9)

It is important to note that F is a Metzler matrix, while I§, L and D are nonnegative
matrices. System (4), (5) along with (6)—(9) will be called stochastic-input mean
(SIM) system and the associated transfer function

G(s)=L(sI—F)'B+D (10)

will be referred to as stochastic-input mean (SIM) transfer function.
As said, we are interested in the case where the input w is deterministic. In such
a case, it results that

V(1) = m(1) ® w(1) (11)

The dynamical system from w to E[z] can be easily written as follows:
() = Fm(t) 4+ B(r)w(r) (12)
E[2(1)] = Lm(z) + D()w(?) (13)
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where

B(t) = col{Bi[m (1)];} (14)

N
D(t) =) Di[x(®)]; (15)

i=1

with z () being the solution of (3) under a given initial condition 7 (0). Notice
that system (12), (13) is time-varying, and becomes time-invariant if 7 (0) = =,
so that w(f) = m, t > 0. Such a case corresponds to taking the expectations
E[x(7)|0(r) = i] and E[z(r)] with respect to the stationary probability distribution 7.
Therefore, we can define the deterministic-input mean (DIM) system associated to
the given PMIJLS as

m(7) = Fm(r) + Bw(?) (16)
E[z(r)] = Lm(t) + Dw(?) (17)
with
B= col{B;[7];} (18)
N
D =YDz 19)
i=1

Note that B and D are nonnegative matrices. The deterministic-input mean (DIM)
transfer function is then defined as

G(s)=L(sI—F)"'B+D (20)
and the following relation between the DIM and SIM mean transfer functions holds:
G(s) = G(s) (T ® I,)

The matrix F, along with the DIM and SIM transfer functions, play a fundamental
role in the characterization of M-stability of a PMJLS and the computation of its
Zoo-induced and -Zj-induced input—output norms. This is discussed in the next
subsections.

2.1 M-Stability

System (1) is said to be mean stable (M-stable) if, for any nonnegative initial
state x(0) and any initial probability distribution m(0), the expected value of
the free motion of the state vector x(f) asymptotically converges to zero. This
characterization of stability for PMJLS’s is equivalent to first-moment stability,
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namely to the convergence to zero of the free motion of any norm ||x(¢)| of the
state vector, see [3]. An M-stable system is also exponentially stable and, thanks to
monotonicity of positive systems, M-stability can be ascertained by only checking
the convergence to zero of the expected value of the free motion of the state vector
for a single initial state in the strictly positive orthant.

Recalling the definition of m and (16), it is clear that M-stability is equivalent to
Hurwitz stability of the Metzler matrix F. Checking Hurwitz stability of a Metzler
matrix can be done via LP. Precisely, stability is equivalent to the existence of a
strictly positive vector s € ]R’_"_N such that F's < 0 (equivalently, a strictly positive

vector p € RZFN such that FTp < 0). Recalling the structure of F, the necessary and
sufficient condition of M-stability of system (1) is formulated as follows, see [2—4].

Proposition 1. The following statements are equivalent:

(i) System (1) is M-stable
(ii) There exist strictly positive vectors s; € R',, i € N, such that

N
Fisi+ Y Xisi <0, i€ N @21

=1
(iii) There exist strictly positive vectors p; € R", i € ¥, such that
N

Flpi+) Ayjp <0, ie. N (22)
j=1

2.2 Yso-Induced Norm

Assume that the system (1), (2) is M-stable and let x(0) = 0, = (0) = . Moreover,
let w > 0 be a deterministic bounded disturbance, i.e. w € Z,,. Therefore, it makes
sense to compute the Zo—induced norm, defined as

Joo 1= u
WELoo,W>0 Supk,tzo[w(t)]k

Such a performance index provides a measure of average disturbance attenuation in
terms of peak-to-peak worst-case gain. Letting g(7) be the impulse response of the
DIM system (16), (17), and taking, without loss of generality, w(f) <1, ,¢ > 0, it
follows that

sup E[l20] = sup [ €701~ yw(o)de
k,t>0 k,it>0J0

A

t
sup/ e,j—g(t)lnwdr
ke=0Jo
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IA

o0
m]?x/ e,jg(r)lnwdr
0

A

max e,;'—[}(O)lnw = [|G(0)loo

and it is c~lear that the supremum value i~s reached for w(r) = 1,,, t > 0. Therefore
Joo = [|G(0)]lco- Checking whether ||G(0)||c < p, for a given p > 0 is an LP
problem, precisely stated in the following proposition, whose proof can be found
in [3].

Proposition 2. System (1), (2) is M-stable and Joo < p if and only if there exist
strictly positive vectors s; € R’_ﬁ_, i €N, such that

N
Fis; + Zkﬁsj + [I_I]iBilnw <0, iesN 23)
j=1
N
> (Wi + [7]iDily,) < 1,.p (24)

i=1

As apparent from the definition and the positivity of the system, the worst
disturbance for J is a constant vector with equal entries, namely w(7) = 1,,,.

2.3 A-Induced Norm

For an M-stable system (1), (2), with x(0) = 0, #(0) = =, and an integrable
deterministic disturbance w > 0 € %, the £ —induced norm is defined as

E[[y° 1, 2(r)di]

Ji = —e————
weziw=0 [oo LT w(t)dt

It provides an alternative measure of disturbance attenuation in terms of average
integral worst-case gain. It results that

E [ /0 = llz(t)dt:| = /0 - 1, ( /0 tg(t — r)w(r)dr) dt
_ /0 Tar ( / e r)dt) w(r)dt
_ /0 Tar ( /0 ” g'(t)dt) w(t)dt
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- o0
=1, G(0) f w(t)dt
N 0

= 17 G(0)e Oo[w(r)] dt

and hence
E[[2° 1T z(r)df KA
M =Y 1,G(0)epy
v/;) lﬂw W([)dt k=1 )
with
,8 — fooo[w(t)]kdt
k Joo 1T w(ydr

Since By > Oand Y}, B = 1, itis clear that J; = max IIG(O)ek = |G(0)|,
and the worst disturbance is the (non .,?ﬂ —integrable) impulsive signal w(z) = 3(t)ey,
where £ is the index maximizing IIG(O)ek. Checking whether ||G(0)|; < p, for a
given p > 01is an LP problem, precisely stated in the following proposition, proven
in [3].

Proposition 3. System (1), (2) is M-stable and J; < p if and only if there exist
strictly positive vectors p; € R',, i € N, such that

N
FIpi+ Y dgp+ LT L, <0, i€t 25)
=1
N
> B pi + D 1,7l < pla, (26)

i=1

As apparent from the positivity of the system, the worst disturbance is an
impulse applied to the worst input channel, namely w(r) = §(¢)e;, where

Remark 1. Notice that the conditions (23), (24) and (25), (26) can be interpreted as
dual inequalities, reflecting the duality of the two norms considered, i.e.

16O = _max e[GO, GO = _max 1750

Inequalities (23), (24) are generally used to cope with state-feedback problems,
whereas inequalities (25), (26) are used for output injection problems. In the sequel,
we will deal only with the first problem. In this regard, notice that in order to
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check whether |G(0)||; < p one can use inequalities (23), (24) applied to the
SISO systems with mean transfer functions I,IG(O)ek, and check whether they are
satisfied with a certain p, foreachk = 1,2,...,n,.

2.4 Transient Analysis

The computation of the %, and .Z}-induced norms has been carried out under
the assumption 7 (0) = m, which has allowed to consider the time-invariant DIM
system (16), (17) and the associated DIM transfer function é(s). Now, we address
the problem of computing the induced gains for the time-varying system (12), (13).
This corresponds to the case when the initial probability distribution is different
from the stationary one, so that the dynamics of the Kolmogorov equation (3) has to
be taken into account. Since 7 (0) is a generic element of &y, we are well advised
to maximize the gain also with respect to the elements of this set. We start from the
worst .Z)—induced gain under arbitrary initial distribution 7 (0), defined as

. E[f;° 1, z(t)d1]
J[ = sup #
we.Z,w>0,m(0)ePy ./0 anW(t)dl‘
Notice that the time-varying system (12), (13) is obtained frovm the time-
invariant system (4), (5) using (11) and observing that B(1) = B(x (1) ® I,,)
and D(tr) = D (x(t) ® I,,). Therefore, letting g(¢) denote the impulse response of
system (4), (5), it results that

E [/Ooo llz(t)dt] = /Ooo 1, ([Otg(z — 1) (n(7) ® W(1)) dr) dt

= /oo 1, ([oo gt — r)dt) (m(r) ® w(r))dr
0 T

= / - 17 ( / ” g(z)dt) (m(r) @ w(t))dt
0 ) 0

=1 G(0) / h (r(t) ® w(r)) dt
h 0

Moreover lf\,—nw (r(r) @ w(t)) = ll‘lw(t). Therefore, for any assigned vector  (0) €
Py, the Z-induced norm is less than p if and only if the inequalities (25), (26)
are feasible with [#]; replaced by [m(0)];. Concerning the computation of J, it is
clear that J; = ||G(0)||;, where the worst disturbance is w(r) = (¢)e; and the worst
initial probability vector is 7w (0) = e;, where k € {1,2,...,n,} andi € .4 are the
maximizing indices of lnTZG(O) (e; ® I,,,) ex. The linear program for assessing that
Ji < p is still given by Proposition 3 by replacing inequality (26) with

B'pi+D/1, «pl,, ieN 27
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Note that this condition coincides with that provided in Theorem 4 of [13], where
the £ norm is computed considering an arbitrary & (0). The above considerations
could be used in the sequel to derive variants of Theorems 3, 11, when one is
interested in considering 7 (0) # .

Next, consider the worst Zs,—induced gain under arbitrary initial distribution
7 (0), defined as

~ SUPg 1>0 E[[z()]]
Joo = sup e e
we oo w>0.m(0)ePy  SUPL=0[W(D)k

The computation of the .Z-induced norm for an assigned m(0) is hard since
it depends on the whole trajectory m(¢). The formulation of algebraic necessary
and sufficient conditions for guaranteeing such a norm to be less than p (and
consequently to evaluate Joo) is still an open issue. However, suitable bounds can be
easily derived. In this respect notice that, for w(r) < 1,,,t > 0, and any w (0) € Py,

sup E[[z())i] = SuP/ e 21— 1) (n(v) ® w(r)) dr

k=0 k,t>0J0
t
< sup / e 3(v) (t(t— 1) ®1,,,) dr
k,t>0J0
) - .
< max [ el (0 dr = |60
0

It is then clear that the worst disturbance is w(t) = 1,,, and Too < 1G(0)[lso-
On the other hand, J, is greater than the gain obtained with = (0) = &, which
coincides with Jo, computed in Sect. 2.2. In conclusion, it turns out that

Joo = [[G(0)[loo < Joo < [|G(0)]loo

Since Joo < ||é(0)||oo, a sufficient condition ensuring Jos < p is given by
Proposition 2, where the scalars [7]; in the linear inequalities (23), (24) are replaced
by 1.

For a more detailed characterization of the induced norms of a PMJLS and their
relations with induced norms under stochastic disturbances, the interested reader is
referred to [3].

2.5 Stability and Norms Under Positive Perturbations

From (21), it is apparent that an M-stable system cannot be destabilized by nonpos-
itive perturbations of the system matrices F;. Conversely, nonnegative perturbations
of F; cannot result in an M-stable system if the original system is not M-stable.
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Moreover, it can be shown that the Perron-Frobenius eigenvalue of F is a monotonic
nondecreasing function of positive perturbations of any entry of matrices F;.

For M-stable systems, matrix G(0) = D — L(F)~'B is nonnegative and its
entries are monotonically nondecreasing functions of the entries of F;, L;, B;, D; as
long as M-stability is preserved. This conclusion is straightforward for nonnegative
perturbations of the parameters in L;, B;, D; in view of formulas (8), (18) and (19).
Now consider a nonnegative perturbation A; of the matrix F; and, accordlng to (6),
let F = dlag(F + A) + AT ® I,. It is apparent that F > F. Assuming that

F s Hurw1tz, then —F! (as well as —F~") is a nonnegative matrix. Moreover
FVFE- > F_li’i’_l, which implies —1:"_l > —F ! In conclusion, being
the entries of G(0) nonnegative and monotonically nondecreasing functions of
the system matrix parameters F;, L;, B;, D;, its norm (in any specification) is
nondecreasing as well. In other words, no positive perturbation of any system matrix
can lead to an improvement in the values of J, or J;.

All what said for the DIM transfer function in s = 0, namely G(O), also holds
for the SIM transfer function in s = 0, i.e. G(0) = D — L(F)~'B.

3 Stabilization and Norm Minimization via Mode-Dependent
State-Feedback

Here we discuss the effect of a memoryless state-feedback law applied to a PMJLS
described by

X(1) = AgpX(t) + By w(t) + Gopu(z) (28)
Z(t) = Coyx(t) + Doyw(t) + Hyyu(?) 29

where the input signal u € R™ has been added together with the relevant matrices
G; and H;, assumed to be nonnegative for all i € .4”. We consider a mode-dependent
state-feedback control of the form

u(r) = Kopx(1)

where K; € R™" for all i. Notice that both the stochastic process 0(r) and
the state variable x(f) are considered measurable. For brevity, we only focus
on design problems where M-stability is concerned. In particular, the addressed
problems concern mean stabilization, Z-induced and .Z}-induced control with
deterministic disturbance w(f). Notably, the first two control problems admit a
complete parametrization of the feedback gains in terms of linear programming.
For similar results on time-invariant deterministic positive systems, see [6].
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3.1 Mean Stabilization

Assume w(f) = 0, t > 0, and consider the state equation only, i.e.
X(1) = Agnx(1) + Gopyu(r) (30)

The problem of mean stabilization (M-stabilization) can be cast as follows.

Problem 1. Parameterize the set # of all K;, i € .4/, such that F; = A; + G;K; are
Metzler matrices, i € .4, and the closed-loop system

X(t) = (Ao + GowKow) x(1) (€)9)
is M-stable.

A little thought reveals that this problem is ill-posed if one requires that u(r) is
nonnegative for all # > 0 and all initial states x(0) € R’i' Indeed, such a condition
is equivalent to requiring that K;, i € .4/, are nonnegative matrices. Therefore, if
system (31) is M-stable, in view of Proposition 1 there exist strictly positive vectors
s; € RY such that

N
(Ai + GiKy)si + Z/\jisj <0

J=1

Being both K; and G; nonnegative for all i € .4/, it turns out that
N
Aisi+ Y djisi <0
j=1

This means that the open-loop system is already M-stable. Therefore, it is not pos-
sible to stabilize an unstable PMJLS through a state-feedback law with nonnegative
gains. In the same vein, recalling the effect of positive perturbations discussed in
Sect. 2.5, if lower bounds for the entries of K; are known, i.e. K; > K, i € ./, then
Problem 1 is solvable if and only if the limiting gains K; are such that the closed-
loop matrices A; + G;K; are Metzler for all i € .4 and the closed-loop system with
u(t) = Kp;X(#) is mean-stable.

One can relax the positivity constraints on u(#), by allowing matrices Kj,
i € 4 to have nonpositive entries, but requiring at the same time that the state
vector remains in the nonnegative orthant for any initial state. This requirement
corresponds to select the gains K;, i € .4/, in such a way that the closed-loop
matrices A; + G;K; are Metzler for each i € 4. This leads to the following linear
constraints for the entries of K;:

e GKe,> —[Al, ieN, r#p=12...,n (32)

Therefore, the following result can be formulated.
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Theorem 1. There exist K;, i € A, such that A; + G/K;, i € A, are Metzler
matrices and the closed-loop system (31) is M-stable if and only if there exist strictly

positive vectors s; € Rﬁ_ and vectors hf eR™, ie N, p=1,2,...,n suchthat
n N
Asi+ Gy W+ dis; <0 (33)
p=1 j=1
e Gh +[Alpe)si = 0. r#p=12....n (34)

foralli e &. Matrices K;, i € N, are then obtained from
Ke,=(e,s) "W, p=12.....n (35)

Proof. Assume that (33), (34) are feasible. Then, construct matrices K; according
to (35). Therefore, for r # p, it must hold that

[A; + GiKil,, = €] (Ai + GiK)) e,
=[Al, +¢ | Gi ZKieqe;r €
q=1

= (epT )" ([Ai]rp(epTSi) + e,TGihf)

Thanks to (34), it turns out that [A; +G;K;],, > 0 for r # p. This means that matrices
A; + G;K; are Metzler, for all i. Moreover,

n N
0> Aisi +Gi Yy b+ A
=1

p=1

n N
= A,‘Si + Gi ZKiepe,;rsi + ZA_,‘,‘S]‘

p=1 j=1

N
= (A + GiKy) s + Z AjiSj
=1

so that the closed-loop system (31) is M-stable.
Viceversa, assume that there exist matrices K; such that A; + G;K; are Metzler

matrices for all i and the closed-loop system (31) is M-stable. Then, using
Proposition 1, there exist strictly positive vectors s; € R’} such that

N
(Ai + GiK)si + Y disj <0
=1
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Letting
-
h = e,siKie,, p=12,....n

and reversing the arguments of the sufficiency part, it follows that both inequali-
ties (33) and (34) are satisfied.

Remark 2. 1t is worth noticing that Theorem 1 provides a parametrization of all
the state-feedback control gains ensuring positivity and M-stability of the closed-
loop system. Letting .2 be the set of the N-tuple gains K solving the problem, the
parametrization is indeed given by

H ={K: Ke,=(e;s)"'h], p=12,-.n i} (36)

where h’; and s; solve (33), (34). This parametrization is useful if one wants
to include in the design further properties besides stability, e.g. minimization of
specified closed-loop performance indices.

Remark 3. Assume that the system is single input (n, = 1) and make the
simplifying assumption that G; >> 0 for each i € .4 (otherwise G; — G; + €1,,).
Notice from (32) that A; 4+ G;K; is Metzler if and only if K; > KEA’G], where

Al .
K[A’G]epzmax—[ ]Gp ieN, p=12,....n @37

In other words, there exist matrices KEA’G] such that the Metzler conditions are
verified for any K; > I_(I[A’G]. In view of the discussion presented in Sect.?2.5, if
the feedback law u(f) = K [Q’L‘(;)G]x(t) is not M-stabilizable, then Problem 1 has no
solution. When n,, = 1, the parametrization of all gains solving Problem 1 can be

written as
K ={K: Ke, =K "%, +(s)" . p=12.--.n ieN} (38

where hf’ are nonnegative scalars and s; are strictly positive vectors satisfying

n N
A + GiK,[A’G])Si + G; Zilf’ + Z Ajisj K 0 (39
p=1 j=1
foralli e 4.
On the other hand, a necessary condition for M-stability is that A; + G;K; + A;I,

are Hurwitz stable. Being such matrices Metzler, this implies negativity of their
diagonal entries, i.e. K; < K; where

K.e __[Ai]pp‘l‘kii‘i‘6

e, = , e, =12,..., 40
74 e;,rGi l P n (40)
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with € being an arbitrarily small positive number. In conclusion, in the scalar input
case (n, = 1), the gains K; such that the closed-loop system is positive and M-stable
should lie necessarily inside the interval

k"9 <k <K (41)

where K[[A’G] and K; are defined in (37) and (40), respectively. Notice that it may
happen that this vector interval is void. This would entail that Problem 1 does not
admit any solution.

3.2 Zeo-Induced Mode-Dependent Control

Assume that w(7), r > 0, is a nonnegative bounded disturbance for system (28), (29),
that x(0) = 0 and x(0) = m. We aim at finding K;, i € .4/, such that A; + B;K;,
i € ¥, are Metzler matrices and the £, -induced norm for the closed-loop system

X(1) = (Ao + GowKow) X(£) + Boyw(?) (42)
2(t) = (Coy + HowKo) X(t) + Doyw(?) (43)

is minimized. Here, we consider only the % -induced norm associated with
deterministic positive bounded signals w(?), i.e.

S El[z(t
S @) = sup Pz EllZON
WE Lo, W>0 Supk,IZO[w(t)]k

where K = {K;,K>,...,Ky}. Letting Gg(s) be the DIM transfer function of
the PMILS (42), (43) for a certain K, we have seen in Sect.2.2 that Jo(K) =
Gk (0) [loo-

Problem 2. Parameterize the set %5, of all gains in JZ such that (i) the closed-
loop system (42), (43) is positive and M-stable, (ii) Joo (K) < p for a given positive
scalar p.

Notice that point (i) requires that A; + G;K;, i € 4, are Metzler matrices and
C; + HiK;, i € ./, are nonnegative matrices. The following parametrization result
can be proven.

Theorem 2. There exist K;, i € A, such that the closed-loop system (42), (43) is
positive and M-stable with £wo-induced norm less than p > 0 if and only if there
exist strictly positive vectors s; € R} and vectors W eRvwie NV, p=12...,n
such that



State-Feedback Control of Positive Switching Systems with Markovian Jumps 201

n N

AiSi + G,‘ Zhi) + ijisj + [-ﬁ:]iBilnw << 0 (44)
p=1 j=1

D\ Csi+ H Y W]+ @)D, | < ol “3)
i=1 p=1

T 4 T
er Gihl’ + [A]rpep S; Z O, r # p (46)
e, Hh! + [Cl,e)s; > 0 47

forallie &/, r=12,....,n,p =12,...,n,q = 1,2,...,n,. Matrices K,
i € W, are then given as follows:

Ke, = (e)s)”'h), p=12...n (48)

Proof. The proof is similar to the one of Theorem 1 and hence is only sketched.
Conditions (44), (45) with position (48) are equivalent to

N
(Ai =+ GiKi)Si =+ Z Ajisj =+ [ﬁ.’]iBian < 0

J=1

N
Z ((Ci + HiKy)s; + [w];:Di1,,) < pl,,

i=1

for all i € 4. In view of Proposition 2, they correspond to a closed-loop system
having Z-induced norm less than p. Moreover conditions (46), (47) with (48) are
equivalent to say that A; + B;K;, i € ./, are Metzler matrices and C; + H;K; are
nonnegative matrices, i € 4.

Remark 4. Tt is worth noticing that Theorem 2 provides a parametrization of all the
state-feedback control laws ensuring positivity, M-stability and Z,-induced norm
less that p of the closed-loop system. Letting %5, be the set of N-tuple gains K;
solving Problem 2, the parametrization is indeed given by

Hoo ={K: Kie, = (e;s) "W, p=12.--.n icAN} (49)

where h! and s; solve (44)—(47).

Remark 5. The conditions of Theorem 2 are expressed in terms of inequalities that
are linear in all the decision variables and the performance parameter p. Then, the
minimization of p can be carried out through routine LP methods, so obtaining the
set of Zo-optimal gains.
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Remark 6. 1In the scalar input case (n, = 1), and assuming G; > 0, H; > 0, it is
possible to conclude that the gains K; are necessarily included in the intervals

K' <K <K;, ieN (50)
where K; is defined in (40) and

K; = max{k/"9 K"} 1)
with K4 defined in (37) and

[C.H] [Ci]rp
K "'e, = max — , =1,2,...,n
K; D 2 e,TH,- p

Note that the max operator in (51) is to be intended elementwise.

3.3 A-Induced Mode-Dependent Control

In this section we assume that w(z), ¢ > 0, is a nonnegative integrable deterministic
disturbance for system (28), (29). We aim at finding K;, i € .4/, such that A; + G;K;,
i € A, are Metzler matrices and the % -induced norm

E[[y° 1] z(t)dr]

Jl (K) we;}]l,lzw() fooo I,IVW(Z‘)dt
for the closed-loop system (42), (43) is minimized, where K = {K},K>, ..., Ky}.
We have seen in Sect.2.3 that J;(K) = |Gg(0)||;. A further objective is to
parameterize the set %] of all gains in ¢ such that (1) the closed-loop system
is M-stable, (2) the closed-loop system has the state-space description of a positive
system, (3) J1(K) < p for a given positive scalar p.

The following result does not provide a complete parametrization but only
a sufficient condition for the existence of the feedback gain matrices ensuring
positivity of the closed-loop system, M-stability and guaranteed £} -induced norm.

Theorem 3. There exist K;, i € A, such that the closed-loop system (42), (43) is
positive and M-stable with £, -induced norm less than p > 0 if there exist strictly

positive vectors s; € R’i and vectors hf eR™, ie N, p=1,2,...,n such that
n N
Assi+ Gy y W+ Ais; + [‘]iBier < 0 (52)

p=1 Jj=1

N n
LY [ Csi+ B W 4 [7]iDie | < p (53)
i=1

p=1
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e:—G,hf + [A]rpe;;—si -

\%
=

r#p (54
e, Hh! + [Cl,e,s; = 0 (55)

forallie /', r=12,....,.n,p=1,2,....,0,q=1,2,....,n, k=1,2,...,n,.
Matrices K;, i € N, are then given as follows:

Kie, = (e,s)"'h. p=12....n (56)

Proof. Conditions (52), (53) with position (56) are equivalent to

N
(Ai + GiK)si + Y As + []iBiex < 0 (57)
J=1
N
LY ((Ci+ HK)s; + [=]:Der) < p (58)

i=1

for all i € 4. Moreover conditions (54), (55) with (56) are equivalent to say that
A; + GiK;, i € N, are Metzler matrices and C; + H;K; are nonnegative matrices,
i € A . Therefore the closed-loop system is positive. Let GK(S) be the mean transfer
function of the PMJLS with u = Kyx. We have to prove that its .Z;-induced norm
is less than p. To this aim, recall that such a norm is given by ||Gg (0)||;. Then,

IGx (O]l = max 11, Gx(O)ecll; = max 11} Gk (0)exloo

w w

The last equality holds true since I;IEG]K(O)ek is a scalar. Thanks to Proposition 2,
inequalities (57), (58) imply that ||1;,';(~}K(O)ek||oo < p,forany k =1,2,...,n,, so
that the conclusion |Gk (0)||; < p is proven.

Remark 7. The conditions of Theorem 3 are also necessary (and hence provide
a complete parametrization of the set J#7) in the case n,, = 1, i.e. for single
disturbance systems. As a matter of fact, in such a case it results that

J1(K) = [Gx(0)[ = 1, Gx(0) = ||1, Gk (0)]loo

Then, imposing J;(K) < p is equivalent to imposing ||1;,':GK(0)||oo < p, which
can be performed by means of Theorem 2 applied to a syétem with scalar output
llz(t). For this system, the inequalities (44), (45) of Theorem 2 coincide with the
inéqualities (52), (53) of Theorem 3 with n,, = 1. The reason why the conditions
of Theorem 3 are not necessary in the general case n,, > 1 is the requirement
of the existence of common vectors s; and h] satisfying (52), (53) for all input
channels k = 1,2, ...,n,. On the other hand, relaxing this requirement would lead
to channel dependent gains, in view of (56). With similar arguments as those in [8], it
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is argued that necessity of the conditions of Theorem 3 holds for robust performance
if matrices By, By, ...,By and Dy, D, ..., Dy belong to a suitable uncertainty set.
Moreover notice that, when the system is single-input single-output (n,, = n, = 1),
the conditions of Theorems 2 and 3 do coincide. As a matter of fact, for a scalar
transfer function all induced norms are equal. Finally, for n, = 1, all admissible
gains K must satisfy the constraint (50).

4 Stabilization and Norm Minimization via
Mode-Independent State-Feedback

This section is devoted to the design of a single state-feedback gain K, independent
of the current mode 6, such that the closed-loop system is M-stable and satisfies
performance requirements in terms of .Z,—induced or .%—induced norms.

4.1 Mode-Independent M-Stabilization

First we study the problem of mode-independent M-stabilization. To be precise, we
aim at finding a single K such that

X = (Ag + GoK)x (59)

is an M-stable PMJLS. From Theorem 1 above we can derive a necessary and
sufficient condition for mode-independent M-stabilization by imposing that

(e s)h/ = (e/sphi, ie N, je NV, r=12,---.,n (60)

These are bilinear constraints associated to (33), (34), which are difficult to handle.
However, a full parametrization of the stabilizing gains K can be obtained as shown
in the following theorem.

Theorem 4. There exists K such that A; + G;K, i € A, are Metzler matrices and
the closed-loop system (59) is M-stable if and only if there exist strictly positive

vectors s; € IFR'_’|r and vectors l_1f € R™, hf») eR™, ie N, p=1,2,...,n such that
n N
Asi + G; Zh]l’ + ZA}',‘S]‘ <K 0, 61)

p=1 j=1

%
L
=~
N

S
Il
=
»
B

e G + [A] e, si > (62)

W<®. p=12...n (63)

IA
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foralli € . All admissible gains K are then obtained from

(e,s) 'hf <Ke, < (e)s)”'h;, ie N ,p=12....n (64)
Proof. First note that inequalities (63) are necessary in order to ensure that all the
intervals in (64) are not void. Now, assume that (61)—(62) are feasible and take K

satisfying (64). First, we show that A; + G;K are Metzler matrices. Indeed, from (63)
and the left inequality of (64) it holds that, for r # p,

[Ai + GiK]rp = [Ai]rp + e;rGiKep
> (e, )" (¢] Gl + [A]]pe) s)
>0

As for stability, taking into account (61) and the right inequality of (64), it follows
that

N n N
(Ai + G,’K)S,' + Z Ajisj = AiS,’ + Gi ZKepe;s,- =+ Z Ajisj

J=1 p=1 J=1

n N
Assi + G Zﬁf + ) A
p=1 =1

<0

IA

implying M-stability of the closed-loop system.

Viceversa, suppose that K is an admissible gain. Taking h? = Hf = Ke,,e;si for
all i and p, the gain is consistent with inequalities (64) and conditions (62), (63) are
trivially verified. M-stability of the closed-loop system is equivalent to the existence
of strictly positive vectors s; satisfying

N
(Ai+ GiK)si + ) Ajisj < 0
j=1

With the aforementioned definition of Hf, (61) directly follows.

Remark 8. The above theorem provides a full parametrization of the set of mode-
independent M-stabilizing gains. However, conditions (64) are not linear in the
unknowns. Moreover, feasibility of the linear constraints (61)—(63) does not ensure
that a solution K exists in the intersection of the vector intervals defined in (64).

If n, = 1, a necessary and sufficient condition for the existence of a mode-
independent M-stabilizing gain, also providing a full parametrization of the set of
M-stabilizing gains, is now presented. Preliminarily define the matrices

K" = max k", K = minK, (65)
i€. i€
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where the max and min operators are to be intended elementwise. Fron_1 Remark 3,
it appears that all M-stabilizing gains K must satisfy K*¢ < K < K. Thus, we
have the following result.

Theorem 5. Letn, = 1, G; > 0, i € A, and recall (65). There exists K such that
A+ GK, i € ¥, are Metzler matrices and the closed-loop system (59) is M-stable
if and only if it is M-stable with u(t) = K¥9x(r). Moreover, all admissible K satisfy

ke, < Ke, < K"Cle, + (e]s) 7'M, ie N .p=1.2,....n (66)

where the strictly positive vectors s; € R", and the nonnegative scalars ﬁf ,ie N,
p=1,2,...,n, solve the inequalities

n N
(Ai + GKM ) s + G Y I+ s <0 (67)
p=1 j=1
forallie /.

Proof. The proof straightforwardly derives from the definition of K UGl and the
nonnegativity of the scalars /.

An alternative approach to design a mode-independent feedback gain K in the
multi-input case n,, > 1 is based on the so-called minimax theory, see [10], which
allows to find an admissible solution in the convex hull of a number of given gain
matrices. To this end, the following result is important.

Lemma 1. Let a N x M real matrix Q be given. The following statements are
equivalent:

(i)
dp € Py:0p K0
(ii)

min max VTQ[,L <0
REPN vEPY

If N = M, then (i) and (ii) are equivalent to
(iii)
X (Q+0N)x <0, Vx>0

Let K;, i € ., be constructed as in (35) of Theorem 1, where s;, h;
solve (33), (34). Such gains solve the mode-dependent M-stabilization problem.
One can look for a mode-independent gain K in the convex hull of the given mode-
dependent gains K;.



State-Feedback Control of Positive Switching Systems with Markovian Jumps 207

Theorem 6. Let K;, i € N, be given. There exists K in the convex hull of K;
such that the closed-loop system (59) is positive and M-stable if there exist strictly
positive vectors s; € R, and a matrix Q € RNVN such that

N
(Ai + GiK)si + Y hasi — [Qlily <0, je N (68)
k=1

e (Ai+GK)e, +[0l; =0, jeN, rEp=12,....n (69
0+0" <0 (70)

foralli € N. An admissible mode independent gain matrix K is then obtained from
N

K=Y [rlK (71)
j=1

where p is any solution in Py of Qu < 0.

Proof. In view of Lemma 1, condition (70) guarantees the existence of g € Py
satisfying Qu < 0. Multiplying inequalities (68), (69) by [p]; and summing up, it
results that

N
A+ GiK)si+ ) duisi 0, i€ N
k=1

el (Ai+GK)e, >0, ie N, rEp=12,...,n

with K given by (71). Therefore all matrices A; + G;K are Metzler and the closed-
loop system with u(f) = Kx() is M-stable.

A similar design method can be worked out if nN gains K; are given. The

following result is in order.

Theorem 7. Let Kj, j = 1,2,--- ,nN be given. There exists K in the convex hull
of K; such that the closed-loop system is positive and M-stable if there exist vectors
q; € R, ie AN, j=12,...,nN, strictly positive vectors s; € RY, i€ A, and
I € Py such that

N

(Ai + GK)si+ ) husi—q; < 0. j=1.2.....nN (72)
k=1
e/ (Ai+GK)e,+e'q; >0, j=12,....nN, rép=12,....n

(73)
0+0" <0 (74)
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R"N XnN

foralli e N, where the square matrix Q € is given by Q = row{col{q;}}.
J 1

An admissible mode independent gain matrix K is then obtained from
nN
K = "[ulK (75)
j=1

where p is any solution in P,y of Qu <K 0.
Proof. The proof is similar to that of Theorem 6 and is therefore omitted.

Remark 9. The previous results only offer sufficient conditions for mode-
independent M-stabilization via convex programming. The gains K; that are given
in advance can be chosen by solving the mode-dependent M-stabilization problem.
A necessary condition for the existence of an M-stabilizing gain K is indeed the
existence of mode-dependent gains in . solving Problem 1.

4.2 %o Mode-Independent Control

Assume that w(z), t > 0, is a nonnegative bounded disturbance for system (28), (29).
We are interested in finding K such that A; + G;K, i € ./, are Metzler matrices and
the Z-induced norm of the closed-loop system

x(t) = (A@(;) + GQ(I)K) x(1) + B@(,)W(l) (76)
z(t) = (CQ([) + H@(;)K) x(1) + Dg(;)W(t) a7

is less than a prescribed bound p. Here, we consider only the .Z5,-induced norm
associated with deterministic positive bounded signals w(7), i.e.

su > El|z(t
= s P EEOL]
WE Lo, W>0 Supk,tzo[w(t)]k

The aim is to find a gain K (and possibly a parameterization of all gains K) such
that (1) the closed-loop system is M-stable, (2) the closed-loop system has the state-
space description of a positive system, (3) Joo(K) < p for a given positive scalar p.
A first result in this direction is provided by the following theorem.

Theorem 8. There exists K such that the closed-loop system (76), (77) is positive
and M-stable with Zso-induced norm less than p > 0 if and only if there exist
strictly positive vectors s; € R, and vectors b’ e R™, hf eR% ie N, p=

1,2,...,n, such that
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n N

AiSi + Gi Zﬁf =+ Zkﬁsj =+ [-ﬁ:]iBilnw < 0 (78)
p=1 j=1

Z Cs; + H,; Zﬁf + [x]:Di1,, | < pl,, (79)
i=1 p=1

TAw Te.

e, Gh; +[Alpe,s; =0, r#p (80)

e, Hh! + [Cl,e, s > 0 (81)

W o< (82)

forallie A, r=12,....,n,p=12,....n,qg = 1,2,...,n,. All admissible
gains K are then obtained from

(est,-)_ll_lf <Ke, < (est,-)_]Hf, ie N, p=12...,n (83)

Proof. The proof is similar to the one of Theorem 4 and hence is only sketched.
Assume that (78)—(82) are feasible and take a gain K satisfying (83). Positivity of
the closed-loop system can be proven thanks to inequalities (80), (81) and the left
inequality of (83). Moreover, inequalities (78), (79) and the right inequality of (83)
entail that

N
(Ai + GiK)si + Y Ajisj + [)iBil,, < 0
j=1
N
Z ((Ci + HiK)s; + [r]:Di1,,) < pl,,

i=1

for all i € .#". Hence the closed-loop -Z-induced norm is less than p, in view of
Proposition 2.

Viceversa, if an admissible gain K exists, taking h! = h; = Ke,e,'s; for all
i and p, the gain is consistent with inequalities (83) and conditions (80)—(82) are
trivially verified. M-stability of the closed-loop system with % -induced norm less
than p is equivalent to the existence of strictly positive vectors s; satisfying

N
(A,‘ =+ G[K)S,' =+ Z Ajisj =+ [-ﬁ:]iBian < 0
Jj=1

N
> (G + HiK)si + [7]:D1,,) < pl,,
i=1
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With the aforementioned definition of Hf, the inequalities (78), (79) directly follow.

Remark 10. A similar observation as that done in Remark 8 holds for the above
theorem. In particular, feasibility of the linear constraints (78)—(82) does not
guarantee the existence of a feasible mode-independent gain K.

Remarkably, for the single input case (n, = 1) a necessary and sufficient
condition holds, based on the definition of

K* = max{K*“ gl©H] (84)

where the maximum is to be taken elementwise, K' (4.6l {5 defined in (65), while

[C.H]

i

K (CH] — max K
€N

It is apparent that any admissible gain K must satisfy the constraint
K* <K<K (85)

Theorem 9. Letn, = 1, G; > 0, i € AN and recall (84). There exists K such that
the closed-loop system (76), (77) is positive and M-stable with Lso-induced norm
less than p > 0 if and only if it is so with u(t) = K*x(t). Moreover, all admissible
K satisfy

K'e, <Ke, <K'e,+ (e)s) i, ie N p=12...n (86)

where the strictly positive vectors s; € R", and the nonnegative scalars }Az’: ,ie N,
p=1,2,...,n, solve the inequalities

n N
(Ai + GiK*)si+ G Y I + Y Lis; < 0 &7)
p=1 =1
Y NG+ HEY)si+ Hy Y B+ [7]:Did,, | < pl,, (88)
i=1 p=1

forallie /.

Proof. The proof straightforwardly derives from the definition of K* and the
nonnegativity of the scalars /..

Remark 11. Recalling Remarks 3 and 6, in the scalar input case (n, = 1) and G; >
0, it is possible to conclude that the gain K necessarily satisfies the constraint (85).
Notice also that a solution to the mode-independent .%.-induced control exists if
and only if the closed-loop system with u(f) = K*x(t) is M-stable and Jo (K*) < p.
This can be checked via LP by means of Proposition 2.
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A minimax approach, similar to the one provided for mode-independent
M-stabilization, can be worked out. The aim is to search for a mode-independent
gain K in the convex hull of pre-computed mode-dependent gains K;, i € 4. In
this respect, we have the following sufficient condition, whose proof is omitted as
similar to the ones presented previously.

Theorem 10. Let K;, i € N, be given. There exists K in the convex hull of K; such
that the closed-loop system (76), (77) is positive and M-stable with Luo-induced
norm less than p > 0 if there exist strictly positive vectors s; € R’} and a matrix
0 € RN such that

N
(Ai + GiK))si + ) hasic + [7]iBil,, — [Q]i1, < 0 (89)
k=1
N
((Ci + HK)) s; + [7]:Di1,, — [Qli1s,) < pl,, (90)
i=1
e/ (A + GiKje, +[0]; = 0, r#p 1)
e, (C; + HiK))e, + [Q]; = 0 (92)

forallie &, r=12,....n,p=12,....n,q = 1,2,...,n, An admissible
mode independent gain matrix K is then obtained from

N
K = "[u]K; (93)
Jj=1

where p is any solution in Py of Qu < 0.

It goes without saying that an extension of Theorem 7 to cope with mode-
independent gain design with guaranteed .%5-induced performance could be also
worked out, searching K in the convex hull of given nN control gain matrices K;.

4.3 Mode-Independent £\-Induced Optimal Control

In this section we assume that w(t), + > 0, is a nonnegative integrable deter-
ministic disturbance for system (28), (29). With reference to the closed-loop
system (76), (77), we are interested in finding K such that A; + G;K, i € ¥, are
Metzler matrices and the .%;-induced norm

E[[° 1] z(t)dr]

Ji(K) =
WE.L,w>0 fooo l;l;W(l‘)dl
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is minimized. More precisely, the aim is to find a gain K (and possibly a
parameterization of all gains K) such that (1) the closed-loop system is M-stable,
(2) the closed-loop system has the state-space description of a positive system, (3)
J1(K) < p for a given positive scalar p.

The following result does not provide a complete parametrization but only a
sufficient condition for the existence of a set of feedback gain matrices ensuring
positivity of the closed-loop system, M-stability and guaranteed .#}-induced norm.
The proof is omitted since similar to the ones provided so far.

Theorem 11. There exists K such that the closed-loop system (76), (77) is positive
and M-stable with £1-induced norm less than p > 0 if there exist strictly positive
vectors S; € R’_"_ and vectors l_1f € R™, hf») eR™ ie N, p=12,...,n, such that

As,+GZh +Z i + [T]iBiex < 0 94)

N n
1Y | Csi+ Hi Y W] + [w]iDiex

<p 95)
i=1 p=1
T P T
e, Gl +[A],e,s;, > 0, r#p (96)
e, Hh + [Clye)s; > 0 97)
W< i (98)

forallie /', r=12,....,.n,p=1,2,....0nqg=1,2,...,n, k=1,2,....n,.
Admissible gains K are then given as follows:

(e;,rs,-)_'hf <Ke, < (e;si)_lﬁf, p=12...,n (99)

Remark 12. Following Remark 7, the conditions of Theorem 11 are also necessary
(and hence provide a complete parametrization of the feedback gains) in the case
n,, = 1, i.e. for single disturbance systems.

Remark 13. In the scalar input case (n, = 1) and G; > 0, the gain K necessarily
satisfies the constraint (85) and the mode-independent .# -induced control problem
has a solution if and only if the closed-loop system with u(f) = K*x(¢) is M-stable
and J;(K*) < p. This can be checked via LP by means of Proposition 3.

Remark 14. A minimax approach for the computation of a mode-independent gain
K with guaranteed .Z}-induced performance can be pursued along the rationale
used in the previous sections for M-stabilization and % -induced performance, see
Theorems 6, 7 and 10. For brevity, the details are omitted.
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S Examples

This section contains three examples. The third is an extension of the one presented
in [3], and consists of a fourth-order compartmental model with four reservoirs.

Example 1. Consider the second-order PMJLS with N = 2

50 = Anx() + | || wr 4w
() =1 1]x@)

A = 21 L A= -238 A= -1 1
3-3 13 5 =5
We first aim at parameterizing the set of gains K = {Kj, K,} such that the closed-

loop system matrices A; + G{K; and A, + G,K, are Metzler and the associated
closed-loop system is M-stable. For being Metzler, it is necessary and sufficient that

where

K>k =23 1], K=kt 9=[-1 3]
Moreover, for stability it is necessary that
K1§f1=[—l—e 4—6], K2§E2:[7—€ 2—6]

Thanks to Remark 3, it can be concluded that Problem 1 is solvable if and only if
u(t) = K Eﬁ’,)c]x(t) is a mode-dependent M-stabilizing feedback law. This is indeed
the case. Notice also that, being n,, = n, = n, = 1, the Z-induced norm and the
A -induced norm do coincide and are minimized by taking the “smallest” possible
gains K; = K! = EA’G], i = 1,2. Therefore, the optimal value is p = 1.0286 and
the optimal gains are

Ki=[-3 -1]. K,=[-1 -8]

Finally, for mode-independent M-stabilization, one has first to construct a feedback
matrix K = K* taking the maximum elements of K;, namely

K=[-1 1]

Any matrix K ensuring that A; + G;K are Metzler matrices should be such that
K > K*. The PMJLS with u(r) = K*x() is not M-stable, as witnessed by the
violation of the second constraint of (85). In conclusion, no mode-independent M-
stabilizing feedback gain exists.
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Example 2. Consider the PMJLS (28), (29) with N = 2,
20 —-15 1 -1 1
! [0—1] 2 [0 —2] [5—5}
1 1
B =B = . = =
=[] a-oe]

Ci=C=[11], Di=D,=0, HH=H,=«

As for the closed-loop system being positive, a necessary and sufficient condition is
that Kje, > y; = 0, Kye; > 9, = —1. A simple analysis of Hurwitz stability of the
matrix F , defined in (6) with F; = A; + G;K;, reveals that the closed-loop system
with K; = [B; vi] is M-stable for any y; > 7; and §; such that the matrix

]

is Hurwitz stable. Notice also that a stabilizing mode-independent law exists. All
such feedback matrices are given by

K=[B y]. B<-12355 y=0

Now consider the scalar output z and consider first the case « = 0. The optimization
of J1(K) = Joo(K) returns unbounded gains associated with the optimal cost p =
0.8704. The optimal mode-dependent gains are

Ki=[-00 0]. Ky=[-00 —1]

The fact that the optimal gains are unbounded can be easily explained by observing
that the first entry of both gains can be made arbitrarily negative without destroying
stability and positivity of the closed-loop system. Since with high feedback gain the
expectation of the first state-variable decays to zero arbitrarily fast and the second
is not affected by feedback, the optimal cost represents the optimal performance of
the open-loop scalar subsystem

(@) = agpy@ +w), 20 =y@0, a=-1, a=-2
Similarly, it can be shown that the optimal mode-independent gain is
K = max{K;,K,} = [—oo 0]
with the same value of the performance index.

Now let « > 0, so as to weigh the input in the cost and obtain bounded gains.
Note that, for a fixed value «, all the entries of the gains K, K, must be greater than
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Fig. 1 The compartmental system considered in Example 3

—a~ ! in order to guarantee positivity of z(¢). Considering also the requirement on

the Metzler property of the closed-loop matrices, the mode-dependent gains must
satisfy

Kizki=[-a 0], Koz Ki=[o~ maxi-o’,—1}]

These constraints may prevent the existence of stabilizing gains. Indeed, it can be
observed that closed-loop M-stability is lost for @ > a* = 0.81. The optimal value
of the cost J1(K) = J(K) is monotonically increasing with respect to «, from a
minimum of 0.8704 (when o = 0) to infinity (when « tends to «*). The same occurs
for the optimal mode-independent gain K = [ —a~! 0].

Example 3. This example is concerned with a compartmental model with 4 reser-
voirs connected as in Fig. 1. The system state x is a 4-dimensional vector corre-
sponding to the storage of water in the four reservoirs. The signal w is a scalar
disturbance, while the inflows u; = [u]; and u, = [u], are control inputs
constrained by the assumption that the total control inflow is nonnegative, i.e.
Uy + up > 0. The model takes the form

X(f) = AX(?) + Bw(r) + Gu(r), 1ju(r) >0
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with
—o; 1B 0 0 8
0 - 0 Ya2Ba 8 [12}
A = N B = , G =
Yi3B1 ynfr —oz +ynfs 0 0 0
YisBi vaaBa  vubs —ay 0

Suppose now that the discharge parameter §, is subject to sudden fluctuations
between two extreme values B2, and Banar, and the transition is governed by
a Markov process 6(¢) taking values in the set .4/~ = {1,2}. The value 6 = 1
corresponds to B2 = Bouax = 0.8 and 8 = 2 corresponds to B> = Bauin = 0.

The compartmental system can now be modeled by the PMJLS

(1) = Apyx(1) + Bw(t) + Gu(r), 1Ju(r) >0 (100)

where A; and A, are obtained by simply putting either 8, = Boyax OF B2 = Bomin in
the expression of matrix A. The other coefficients are as follows:

a1:a2:a3:a4:1, ﬂ1=ﬂ3:ﬂ4=1
Y3 =y14=05ya=yn=yu=1/3
Y33 = 0.2, Y34 = 0.4, Y42 = 0.5, 81 = 82 =0.5

Assume that the transition rate matrix of the Markov process 6(¢) is

A= —0.1 0.1
0.5 -0.5
We will focus on the time evolution of the entire state, i.e. z(f) = x(z). We first
aim at finding the mode-dependent control law u(f) = KpX(¢) that minimizes

the Zs-induced norm from w to z, under the constraint u; + u, > 0, that can be
enforced by

LUK, >0, i=1.2 (101)
As discussed in Sect. 2.2, the closed-loop Z-induced norm is

Joo(K) = sug) m/?XE[[X(t)]k]

obtained for w(f) = 1, + > 0. Theorem 2 has been applied along with the
minimization of the guaranteed cost p, by also adding to (44)—(47) the additional
linear constraint (101) in the form

Lk >0, i=12 p=1,2.3.4
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The result is given by (48), namely

K — —367.61 519.95 0 0.083 K, — —247190.12 1250.79 0 0.21
"7 367.61 —519.950 —0.083 |’ > 7| 247190.12 —1250.79 0 —0.21

and the optimal attenuation level is p = 0.67. Notice that the open-loop system
(K1 = K, = 0) is M-stable and its -%-induced norm is p = 0.74. Hence, through
a mode-dependent feedback a 10 % improvement has been achieved.

For mode-independent control, one can resort to Theorem 10, by searching K
in the convex hull of matrices K; and K, computed above and minimizing the
Zo-induced norm. The optimal K in this set is K = K; yielding p = 0.81. As
apparent, this value is greater than the one provided by the null gain. Thus, in this
example, the minimax approach with the given K; does not lead to an improvement
with respect to open-loop.

Turn now to the £} -induced norm. The system disturbance is scalar and hence
the optimal value of the attenuation level attainable via mode-dependent control can
be found by minimizing p using Theorem 3. The worst disturbance, as discussed in
Sect. 2.3, is w(t) = §(¢) and

o
JI(K)=E [ / lIx(t)dti|
0
is minimized with

[ —298.39 310042.80 0 0.02 ~310117.93 1624.47 0 0.02
P71 29839 —310042.80 0 —0.02 |* "2 | 310117.93 —1624.47 0 —0.02

yielding the optimal attenuation level is p = 2.30. In Fig. 2, 20 realizations of
the closed-loop impulse response under mode-dependent %, optimal control are
plotted, together with the transient of the expected value.

As for the mode-independent control, again one can look at the convex hull of
matrices K; and K, and minimize the .%;-induced norm. The result is K = K>, to
which corresponds p = 2.48. Notice that in open-loop the system is M-stable and
the .Z}-induced norm is p = 2.52. Therefore in this case the minimax approach
leads to a slight improvement with respect to open-loop.

6 Concluding Remarks

In this paper, several issues concerning state-feedback design for M-stabilization
and norm optimization for the class of Positive Markov Jump Linear Systems
have been addressed. In particular, full parametrization of the feedback gains
for both mode-dependent and mode-independent stabilization and %% control
as been provided. Remarkably, in the mode-dependent and in the single-input
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Fig. 2 Plot of 20 realizations of the mode-dependent closed-loop impulse response. The red
curves represent the transient of the expected value

mode-independent cases, the parametrization is obtained through Linear Program-
ming. Various problems are still to be more deeply understood, e.g. the multi-
disturbance %) control and the multi-input mode-independent %5, and -] design.
Moreover, how to extend, via convex programming, the above treatment to mean
square stability and -%-induced norm, while preserving positivity, is still an open
problem that deserves further investigation. A main difficulty in extending the theory
for deterministic positive systems developed in [16] is the fact that the existence of
diagonal solutions of the coupled Lyapunov-Metzler inequalities is not a necessary
condition for mean square stability. Finally, following [15] in the deterministic case,
an interesting open problem is to design output-feedback controllers for PMJLS
forcing positivity and prescribed stochastic stability requirements.
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Matrix-Free Convex Optimization Modeling

Steven Diamond and Stephen Boyd

Abstract We introduce a convex optimization modeling framework that transforms
a convex optimization problem expressed in a form natural and convenient for the
user into an equivalent cone program in a way that preserves fast linear transforms in
the original problem. By representing linear functions in the transformation process
not as matrices, but as graphs that encode composition of linear operators, we arrive
at a matrix-free cone program, i.e., one whose data matrix is represented by a linear
operator and its adjoint. This cone program can then be solved by a matrix-free
cone solver. By combining the matrix-free modeling framework and cone solver,
we obtain a general method for efficiently solving convex optimization problems
involving fast linear transforms.

Keywords Convex optimization ¢ Matrix-free optimization ¢ Conic program-
ming * Optimization modeling

1 Introduction

Convex optimization modeling systems like YALMIP [83], CVX [57], CVXPY
[36], and Convex.jl [106] provide an automated framework for converting a convex
optimization problem expressed in a natural human-readable form into the standard
form required by a solver, calling the solver, and transforming the solution back to
the human-readable form. This allows users to form and solve convex optimization
problems quickly and efficiently. These systems easily handle problems with a
few thousand variables, as well as much larger problems (say, with hundreds of
thousands of variables) with enough sparsity structure, which generic solvers can
exploit.

S. Diamond (P<)
Department of Computer Science, Stanford University, Stanford, CA 94305, USA
e-mail: diamond @cs.stanford.edu

S. Boyd
Department of Electrical Engineering, Stanford University, Stanford, CA 94305, USA
e-mail: boyd @stanford.edu

© Springer International Publishing Switzerland 2016 221
B. Goldengorin (ed.), Optimization and Its Applications in Control

and Data Sciences, Springer Optimization and Its Applications 115,

DOI 10.1007/978-3-319-42056-1_7


mailto:diamond@cs.stanford.edu
mailto:boyd@stanford.edu

222 S. Diamond and S. Boyd

The overhead of the problem transformation, and the additional variables and
constraints introduced in the transformation process, result in longer solve times
than can be obtained with a custom algorithm tailored specifically for the particular
problem. Perhaps surprisingly, the additional solve time (compared to a custom
solver) for a modeling system coupled to a generic solver is often not as much as one
might imagine, at least for modest sized problems. In many cases the convenience of
easily expressing the problem makes up for the increased solve time using a convex
optimization modeling system.

Many convex optimization problems in applications like signal and image
processing, or medical imaging, involve hundreds of thousands or many millions
of variables, and so are well out of the range that current modeling systems can
handle. There are two reasons for this. First, the standard form problem that would
be created is too large to store on a single machine, and second, even if it could
be stored, standard interior-point solvers would be too slow to solve it. Yet many
of these problems are readily solved on a single machine by custom solvers, which
exploit fast linear transforms in the problems. The key to these custom solvers is to
directly use the fast transforms, never forming the associated matrix. For this reason
these algorithms are sometimes referred to as matrix-free solvers.

The literature on matrix-free solvers in signal and image processing is extensive;
see, e.g., [9, 10,22,23,51,97, 117]. There has been particular interest in matrix-free
solvers for LASSO and basis pursuit denoising problems [10, 24, 42, 46, 74, 108].
Matrix-free solvers have also been developed for specialized control problems
[109, 110]. The most general matrix-free solvers target semidefinite programs [75]
or quadratic programs and related problems [52, 99]. The software closest to a
convex optimization modeling system for matrix-free problems is TFOCS, which
allows users to specify many types of convex problems and solve them using a
variety of matrix-free first-order methods [11].

To better understand the advantages of matrix-free solvers, consider the nonneg-
ative deconvolution problem

minimize ||c * x — b||,
subject to x > 0,

&)

where x € R” is the optimization variable, c € R" and b € R are problem data,
and * denotes convolution. Note that the problem data has size O(n). There are
many custom matrix-free methods for efficiently solving this problem, with O(n)
memory and a few hundred iterations, each of which costs O(nlog n) floating point
operations (flops). It is entirely practical to solve instances of this problem of size
n = 107 on a single computer [77, 81].

Existing convex optimization modeling systems fall far short of the efficiency
of matrix-free solvers on problem (1). These modeling systems target a standard
form in which a problem’s linear structure is represented as a sparse matrix. As
a result, linear functions must be converted into explicit matrix multiplication. In
particular, the operation of convolving by ¢ will be represented as multiplication by
a (2n—1) xn Toeplitz matrix C. A modeling system will thus transform problem (1)
into the problem
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minimize ||Cx — b||,
subject to x > 0,

(@)

as part of the conversion into standard form.

Once the transformation from (1) to (2) has taken place, there is no hope of
solving the problem efficiently. The explicit matrix representation of C requires
O(n?) memory. A typical interior-point method for solving the transformed problem
will take a few tens of iterations, each requiring O(n’) flops. For this reason
existing convex optimization modeling systems will struggle to solve instances of
problem (1) with n = 10*, and when they are able to solve the problem, they will
be dramatically slower than custom matrix-free methods.

The key to matrix-free methods is to exploit fast algorithms for evaluating a linear
function and its adjoint. We call an implementation of a linear function that allows
us to evaluate the function and its adjoint a forward-adjoint oracle (FAO). In this
paper we describe a new algorithm for converting convex optimization problems
into standard form while preserving fast linear functions. (A preliminary version of
this paper appeared in [35].) This yields a convex optimization modeling system
that can take advantage of fast linear transforms, and can be used to solve large
problems such as those arising in image and signal processing and other areas,
with millions of variables. This allows users to rapidly prototype and implement
new convex optimization based methods for large-scale problems. As with current
modeling systems, the goal is not to attain (or beat) the performance of a custom
solver tuned for the specific problem; rather it is to make the specification of the
problem straightforward, while increasing solve times only moderately.

The outline of our paper is as follows. In Sect.2 we give many examples of
useful FAOs. In Sect. 3 we explain how to compose FAOs so that we can efficiently
evaluate the composition and its adjoint. In Sect. 4 we describe cone programs, the
standard intermediate-form representation of a convex problem, and solvers for cone
programs. In Sect. 5 we describe our algorithm for converting convex optimization
problems into equivalent cone programs while preserving fast linear transforms. In
Sect. 6 we report numerical results for the nonnegative deconvolution problem (1)
and a special type of linear program, for our implementation of the abstract ideas
in the paper, using versions of the existing cone solvers SCS [94] and POGS
[45] modified to be matrix-free. (The main modification was using the matrix-
free equilibration described in [37].) Even with our simple, far from optimized
matrix-free cone solvers, we demonstrate scaling to problems far larger than those
that can be solved by generic methods (based on sparse matrices), with acceptable
performance loss compared to specialized custom algorithms tuned to the problems.

We reserve certain details of our matrix-free canonicalization algorithm for the
appendix. In “Equivalence of the Cone Program” we explain the precise sense in
which the cone program output by our algorithm is equivalent to the original convex
optimization problem. In “Sparse Matrix Representation” we describe how existing
modeling systems generate a sparse matrix representation of the cone program. The
details of this process have never been published, and it is interesting to compare
with our algorithm.
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2 Forward-Adjoint Oracles

A general linear function f : R" — R” can be represented on a computer as a dense
matrix A € R™" using O(mn) bytes. We can evaluate f(x) on an input x € R"
in O(mn) flops by computing the matrix-vector multiplication Ax. We can likewise
evaluate the adjoint f*(y) = A"y on an input y € R™ in O(mn) flops by computing
ATy,

Many linear functions arising in applications have structure that allows the
function and its adjoint to be evaluated in fewer than O(mn) flops or using fewer
than O(mn) bytes of data. The algorithms and data structures used to evaluate such
a function and its adjoint can differ wildly. It is thus useful to abstract away the
details and view linear functions as forward-adjoint oracles (FAOs), i.e., a tuple
I' = (f, @y, Dy+) where f is a linear function, &y is an algorithm for evaluating f,
and @y« is an algorithm for evaluating f*. We use # to denote the size of f’s input
and m to denote the size of f’s output.

While we focus on linear functions from R” into R™, the same techniques can be
used to handle linear functions involving complex arguments or values, i.e., from
C" into C", from R” into C™, or from C” into R, using the standard embedding
of complex n-vectors into real 2n-vectors. This is useful for problems in which
complex data arise naturally (e.g., in signal processing and communications), and
also in some cases that involve only real data, where complex intermediate results
appear (typically via an FFT).

2.1 Vector Mappings

We present a variety of FAOs for functions that take as argument, and return, vectors.

Scalar Multiplication Scalar multiplication by & € R is represented by the FAO
I' = (f, ®&p, &p+), where f : R* — R" is given by f(x) = ax. The adjoint f* is
the same as f. The algorithms &y and @y« simply scale the input, which requires
O(m + n) flops and O(1) bytes of data to store . Here m = n.

Multiplication by a Dense Matrix Multiplication by a dense matrix A € R™"
is represented by the FAO I' = (f, @, @p+), where f(x) = Ax. The adjoint
f*(u) = ATu is also multiplication by a dense matrix. The algorithms &, and P« are
the standard dense matrix multiplication algorithm. Evaluating &, and @+ requires
O(mn) flops and O(mn) bytes of data to store A and A”.

Multiplication by a Sparse Matrix Multiplication by a sparse matrix A € R™*",
i.e., a matrix with many zero entries, is represented by the FAO I = (f, &f, ®p),
where f(x) = Ax. The adjoint f*(u) = ATu is also multiplication by a sparse
matrix. The algorithms @, and @« are the standard algorithm for multiplying by
a sparse matrix in (for example) compressed sparse row format. Evaluating @, and
@+ requires O(nnz(A)) flops and O(nnz(A)) bytes of data to store A and A”, where
nnz is the number of nonzero elements in a sparse matrix [34, Chap. 2].
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Multiplication by a Low-Rank Matrix Multiplication by a matrix A € R"™*" with
rank k, where k < m and k < n, is represented by the FAO I" = (f, &, Op),
where f(x) = Ax. The matrix A can be factored as A = BC, where B € R™** and
C € R*" The adjoint f*(u) = CTB"u is also multiplication by a rank k matrix.
The algorithm @, evaluates f(x) by first evaluating z = Cx and then evaluating
f(x) = Bz. Similarly, &+ multiplies by B” and then C”. The algorithms @; and @y«
require O(k(m + n)) flops and use O(k(m + n)) bytes of data to store B and C and
their transposes. Multiplication by a low-rank matrix occurs in many applications,
and it is often possible to approximate multiplication by a full rank matrix with
multiplication by a low-rank one, using the singular value decomposition or methods
such as sketching [79].

Discrete Fourier Transform The discrete Fourier transform (DFT) is represented
by the FAO I" = (f, @, @p=), where f : R¥ — R is given by

i—1)(k—1 —1)(k—1
f)e = JLﬁ > i1 Re (w,ﬁ’ X )>xj—Im (w,,“ X ))xj+p
i—1)(k—1 i—1)(k—1
f(x)k+p = «/Lﬁ E ;:l Im (w;/ X )) Xj + Re ((,L)p(] X )) Xj+p

for k = 1,...,p. Here w, = e~2mi/r The adjoint f* is the inverse DFT. The
algorithm @ is the fast Fourier transform (FFT), while @y« is the inverse FFT. The
algorithms can be evaluated in O((m + n) log(m + n)) flops, using only O(1) bytes
of data to store the dimensions of f’s input and output [31, 82]. Here m = n = 2p.
There are many fast transforms derived from the DFT, such as the discrete Hartley
transform [17] and the discrete sine and cosine transforms [2, 86], with the same
computational complexity as the FFT.

Convolution Convolution with a kernel ¢ € R? is defined as f : R* — R™, where

f@e= Y ey k=1...m (3)

i+j=k+1

Different variants of convolution restrict the indices i,j to different ranges, or
interpret vector elements outside their natural ranges as zero or using periodic
(circular) indexing.

Standard (column) convolution takes m = n+p—1, and defines ¢; and x; in (3) as
zero when the index is outside its range. In this case the associated matrix Col(c) €
RP—1Ixn §g Toeplitz, with each column a shifted version of c:

C1

C2.
Col(c)=| = ¢

Cp C2

L cp
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Another standard form, row convolution, restricts the indices in (3) to the range
k = p,...,n. For simplicity we assume that n > p. In this case the associated
matrix Row(c) € R"PT1*" i5 Toeplitz, with each row a shifted version of ¢, in
reverse order:

Cp Cp—1 ... C1
Row(c) =

Cp Cp—1 ... Cl

The matrices Col(c) and Row(c) are related by the equalities
Col(c)" = Row(rev(c)), Row(c)" = Col(rev(c)),

where rev(c)y = cp—i+1 reverses the order of the entries of c.

Yet another variant on convolution is circular convolution, where we take p = n
and interpret the entries of vectors outside their range modulo n. In this case
the associated matrix Circ(c) € R™" is Toeplitz, with each column and row a
(circularly) shifted version of c:

ey cp Cpet oo oo 2 ]
Cy C1 Cy
Circ(c) = @
Cn Cpn—1
C2 C1 Cp
LCy oo ... c3 Cp C1 _|

Column convolution with ¢ € R? is represented by the FAO I' = (f, @, ®p+),
where f : R" — R"7~! is given by f(x) = Col(c)x. The adjoint f* is row
convolution with rev(c), i.e., f*(#) = Row(rev(c))u. The algorithms & and Py«
are given in Algorithms 1 and 2, and require O((m + n + p) log(m + n + p)) flops.
Here m = n + p — 1. If the kernel is small (i.e., p < n), &y and Py« instead
evaluate (3) directly in O(np) flops. In either case, the algorithms @ and @+ use
O(p) bytes of data to store ¢ and rev(c) [30, 82].

Circular convolution with ¢ € R" is represented by the FAO I' = (f, @, ®p),
where f : R" — R" is given by f(x) = Circ(c)x. The adjoint f* is circular
convolution with

2
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Algorithm 1 Column convolution ¢ * x

Precondition: ¢ € R is a length p array. x € R” is a length 7 array. y € R"*7~! is a length
n+ p — 1 array.

Extend ¢ and x into length n + p — 1 arrays by appending zeros.
¢ < FFT of .
X < FFT of x.
fori=1,....,.n+p—1do
Vi < 2’,&,‘.
end for
y < inverse FFT of y.

Postcondition: y = ¢ * x.

Algorithm 2 Row convolution ¢ * u

Precondition: ¢ € R” is a length p array. u € R"?"!isalengthn + p — 1 array. v € R is a
length n array.

Extend rev(c) and v into length n + p — 1 arrays by appending zeros.
¢ < inverse FFT of zero-padded rev(c).
it < FFT of u.
fori=1,....,.n+p—1do
V; < E’iljti.
end for
v < inverse FFT of v.
Reduce v to a length n array by removing the last p — 1 entries.

Postcondition: v = ¢ * u.

Algorithm 3 Circular convolution ¢ * x
Precondition: ¢ € R” is a length n array. x € R" is a length n array. y € R" is a length n array.

¢ < FFT of c.
X < FFT of x.
fori=1,...,ndo
yi < Ciki.
end for
y < inverse FFT of y.

Postcondition: y = ¢ * x.
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The algorithms @ and @+ are given in Algorithm 3, and require O((m + n) log
(m + n)) flops. The algorithms @ and @+ use O(m + n) bytes of data to store ¢ and
¢ [30, 82]. Here m = n.

Discrete Wavelet Transform The discrete wavelet transform (DWT) for orthog-
onal wavelets is represented by the FAO I' = (f, @, @¢+), where the function
f:R¥” — R¥ is given by

DG, Dp_lG —1 DG

f(x) = | DiH, wo | Dp—Hpy [DPHP}X, 4
(2

1211_2 12p—1

where Dy, € R?™"2" i defined such that (Dgx); = x»; and the matrices G, € R?>2*
k k .
and H; € R**?" are given by

acen([]). n-om((2)

Here g € R? and i € RY are low and high pass filters, respectively, that parameterize
the DWT. The adjoint f* is the inverse DWT. The algorithms @ and <15;‘ repeatedly
convolve by g and &, which requires O(g(m + n)) flops and uses O(g) bytes to
store & and g [85]. Here m = n = 2P. Common orthogonal wavelets include the
Haar wavelet and the Daubechies wavelets [32, 33]. There are many variants on the
particular DWT described here. For instance, the product in (4) can be terminated
after fewer than p multiplications by Gy and H; [70], G, and H; can be defined as a
different type of convolution matrix, or the filters g and & can be different lengths,
as in biorthogonal wavelets [28].

Discrete Gauss Transform The discrete Gauss transform (DGT) is represented
by the FAO I' = (fyzn, Pr, @p+), where the function fyz, : R* — R™ is
parameterized by ¥ € R"*?, Z € R™ and h > 0. The function fy 7, is given by

frazn@)i =Y _exp(=llyi—zI*/h)x. i=1....m,

j=1

where y; € R? is the ith column of Y and Z € R? is the jth column of Z. The adjoint
of fy z, is the DGT f7 y . The algorithms @ and &y« are the improved fast Gauss
transform, which evaluates f(x) and f*(u) to a given accuracy in O(d’(m + n))
flops. Here p is a parameter that depends on the accuracy desired. The algorithms
@ and Pp+ use O(d(m + n)) bytes of data to store Y, Z, and & [114]. An interesting
application of the DGT is efficient multiplication by a Gaussian kernel [113].

Multiplication by the Inverse of a Sparse Triangular Matrix Multiplication by
the inverse of a sparse lower triangular matrix L € R™" with nonzero elements
on its diagonal is represented by the FAO I = (f, &y, @p=), where f(x) = L™ 'x.
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The adjoint f*(x) = (LT)"'u is multiplication by the inverse of a sparse upper
triangular matrix. The algorithms @, and @¢+ are forward and backward substitu-
tion, respectively, which require O(nnz(L)) flops and use O(nnz(L)) bytes of data
to store L and LT [34, Chap. 3].

Multiplication by a Pseudo-Random Matrix Multiplication by a matrix A €
R™" whose columns are given by a pseudo-random sequence (i.e., the first m values
of the sequence are the first column of A, the next m values are the second column
of A, etc.) is represented by the FAO I' = (f, @, @¢+), where f(x) = Ax. The
adjoint f*(u) = ATu is multiplication by a matrix whose rows are given by a
pseudo-random sequence (i.e., the first m values of the sequence are the first row
of AT, the next m values are the second row of AT, etc.). The algorithms &, and
@y« are the standard dense matrix multiplication algorithm, iterating once over the
pseudo-random sequence without storing any of its values. The algorithms require
O(mn) flops and use O(1) bytes of data to store the seed for the pseudo-random
sequence. Multiplication by a pseudo-random matrix might appear, for example, as
a measurement ensemble in compressed sensing [50].

Multiplication by the Pseudo-Inverse of a Graph Laplacian Multiplication by
the pseudo-inverse of a graph Laplacian matrix L € R"™" is represented by the FAO
I' = (f, &7, §y+), where f(x) = L'x. A graph Laplacian is a symmetric matrix with
nonpositive off diagonal entries and the property L1 = 0, i.e., the diagonal entry in a
row is the negative sum of the off-diagonal entries in that row. (This implies that it is
positive semidefinite.) The adjoint f* is the same as f, since L = L. The algorithms
@; and Py« are one of the fast solvers for graph Laplacian systems that evaluate
f(x) = f*(x) to a given accuracy in around O(nnz(L)) flops [73, 101, 111]. (The
details of the computational complexity are much more involved.) The algorithms
use O(nnz(L)) bytes of data to store L.

2.2 Matrix Mappings

We now consider linear functions that take as argument, or return, matrices. We take
the standard inner product on matrices X, Y € R"*9,

xyy= Y X¥;=TrX"Y).
The adjoint of a linear function f : R”*? — R**' is then the function f* : R®' —
RP*4 for which
Tr(f(X)"Y) = Te(Xf*(Y)),

holds for all X € R?*? and Y € R**.
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Vec and Mat The function vec : R”*? — R is represented by the FAO I =
(f, @f, Dr+), where f(X) converts the matrix X € RP*? into a vector y € RP¥ by
stacking the columns. The adjoint f* is the function mat : R?? — RP*9, which
outputs a matrix whose columns are successive slices of its vector argument. The
algorithms @y and @+ simply reinterpret their input as a differently shaped output
in O(1) flops, using only O(1) bytes of data to store the dimensions of f’s input and
output.

Sparse Matrix Mappings Many common linear functions on and to matrices are
given by a sparse matrix multiplication of the vectorized argument, reshaped as the
output matrix. For X € R?*? and f(X) = Y € R™,

Y = mat(A vec(X)).

The form above describes the general linear mapping from RP*? to R*/; we
are interested in cases when A is sparse, i.e., has far fewer than pgst nonzero
entries. Examples include extracting a submatrix, extracting the diagonal, forming
a diagonal matrix, summing the rows or columns of a matrix, transposing a matrix,
scaling its rows or columns, and so on. The FAO representation of each such
function is I" = (f, @y, @+ ), where f is given above and the adjoint is given by

F*(U) = mat(A” vec(U)).

The algorithms @; and ®p« are the standard algorithms for multiplying a vector
by a sparse matrix in (for example) compressed sparse row format. The algorithms
require O(nnz(A)) flops and use O(nnz(A)) bytes of data to store A and AT [34,
Chap. 2].

Matrix Product Multiplication on the left by a matrix A € R**? and on the right by
amatrix B € R? is represented by the FAO I = (f, @, @p«), where f : RP”>*? —
R is given by f(X) = AXB. The adjoint f*(U) = ATUB is also a matrix product.
There are two ways to implement @, efficiently, corresponding to different orders
of operations in multiplying out AXB. In one method we multiply by A first and B
second, for a total of O(s(pg + gt)) flops (assuming that A and B are dense). In the
other method we multiply by B first and A second, for a total of O(p(gt + st)) flops.
The former method is more efficient if

1 1 1 1

r p s q

Similarly, there are two ways to implement @+, one requiring O(s(pq + qt)) flops
and the other requiring O(p(qt+st)) flops. The algorithms @ and @+ use O(sp+qt)
bytes of data to store A and B and their transposes. When p = g = s = ¢, the flop
count for @; and @+ simplifies to O ((m + n)'*) flops. Here m = n = pq. (When
the matrices A or B are sparse, evaluating f(X) and f*(U) can be done even more
efficiently.) The matrix product function is used in Lyapunov and algebraic Riccati
inequalities and Sylvester equations, which appear in many problems from control
theory [49, 110].
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2-D Discrete Fourier Transform The 2-D DFT is represented by the FAO I' =
(f, Py, Pp=), where f : R?*7 — R¥*4 is given by

FXe

s—1)(k—1 —1)(l—1
T S0y Tl Re (0 )

m wlgs—l)(k—l)w(gt—l)(l—l) Xyipe

—1)(k—=1)  (—1)({—1
FXkape = \/;,Tq Z?:l tq=1 Im (")1gé ) )a)(y ) ))th
1 Re (wp(s—l)(k—l)wét—l)(e—l)) Xotpr:

fork = 1,...,pand £ = 1,...,q. Here w, = ¢ /7 and w, = ¢ 2"/4. The
adjoint f* is the inverse 2-D DFT. The algorithm & evaluates f(X) by first applying
the FFT to each row of X, replacing the row with its DFT, and then applying the FFT
to each column, replacing the column with its DFT. The algorithm &+ is analogous,
but with the inverse FFT and inverse DFT taking the role of the FFT and DFT. The
algorithms @; and @+ require O((m + n) log(m + n)) flops, using only O(1) bytes
of data to store the dimensions of f’s input and output [80, 82]. Here m = n = 2pq.

2-D Convolution 2-D convolution with a kernel C € R?*? is defined as f : R™' —
R™>™M2 where

FXw = > CijiXnjps k=1,....m, £=1,...,my. (5
i1 +ia=k+1,j1 +jr=L+1

Different variants of 2-D convolution restrict the indices iy, j; and i, j, to different
ranges, or interpret matrix elements outside their natural ranges as zero or using
periodic (circular) indexing. There are 2-D analogues of 1-D column, row, and
circular convolution.

Standard 2-D (column) convolution, the analogue of 1-D column convolution,
takes m; = s +p—1and my = t + g — 1, and defines C; ;, and X;,;, in (5) as
zero when the indices are outside their range. We can represent the 2-D column
convolution ¥ = C * X as the matrix multiplication

Y = mat(Col(C) vec(X)),
where Col(C) € R6FTP=D+a=Dxst jg given by:
[ Col(c) 7]

COl(Cz) Ry

. CO](C])

Col(C) = :
oo Col(c,) Col(c)

| (301.(c,,) i
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Here cy,...,c, € R? are the columns of C and Col(c)), ..., Col(c,) € RTP~1xs
are 1-D column convolution matrices.

The 2-D analogue of 1-D row convolution restricts the indices in (5) to the range
k=p,...,sand £ = gq,...,t For simplicity we assume s > p and t > ¢. The
output dimensions are m; = s —p + 1 and my = t — g + 1. We can represent the
2-D row convolution ¥ = C * X as the matrix multiplication

Y = mat(Row(C) vec(X)),

where Row(C) € REPHDI=a+DXst jg given by:

Row(c,) Row(c,—1) ... Row(c;)
Row(C) = ) -
Row(c,) Row(cy—1) ... Row(cy)
Here Row(cy), ..., Row(c,) € R*7+t are 1-D row convolution matrices. The

matrices Col(C) and Row(C) are related by the equalities
Col(C)T = Row(rev(C)), Row(C)” = Col(rev(C)),

where rev(C)i = Cp—i+1,4—¢+1 reverses the order of the columns of C and of the
entries in each row.

In the 2-D analogue of 1-D circular convolution, we take p = s and g = ¢
and interpret the entries of matrices outside their range modulo s for the row index
and modulo ¢ for the column index. We can represent the 2-D circular convolution
Y = C % X as the matrix multiplication

Y = mat(Circ(C) vec(X)),
where Circ(C) € R is given by:

[ Circ(c;) Cire(c,) Cire(c—1) ... Circ(cy) ]
Circ(c,) Cire(c;) Cire(c;) :

Cire(C) = Circ(c3) Cire(cp)
' Circ(c;) Cire(c,_;)
: Circ(c;) Cire(c;) Cire(c,)
L Circ(c;) ... Circ(c3) Cire(c;) Cire(cy)
Here Circ(cy), ..., Cire(c;) € R are 1-D circular convolution matrices.

2-D column convolution with C € RP*7 is represented by the FAO I' =
(f, @r, Bp+), where f : R — REFP=1X*471 is given by

f(X) = mat(Col(C) vec(X)).
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The adjoint f* is 2-D row convolution with rev(C), i.e.,
*(U) = mat(Row(rev(C)) vec(U)).

The algorithms @; and @+ are given in Algorithms 4 and 5, and require O((m +
n)log(m+n)) flops. Here m = (s+p—1)(t4+¢g—1) and n = st. If the kernel is small
(i.e,p < sand g K 1), D and Pp+ instead evaluate (5) directly in O(pgst) flops. In
either case, the algorithms @; and @+ use O(pq) bytes of data to store C and rev(C)
[82, Chap. 4]. Often the kernel is parameterized (e.g., a Gaussian kernel), in which
case more compact representations of C and rev(C) are possible [44, Chap. 7].

Algorithm 4 2-D column convolution C * X

Precondition: C € R?*4 is a length pq array. X € R* is a length st array. ¥ € R¥p—<r+a—1
isalength (s +p—1)(t + g — 1) array.

Extend the columns and rows of C and X with zeros so C, X € R Tr—1>xi+a—1,
C < 2-DDFTof C.
X < 2-DDFT of X.
fori=1,....,.s+p—1do

forj=1,....,t+g—1do

Yy < CyXy.

end for
end for
Y < inverse 2-D DFT of Y.

Postcondition: Y = C % X.

Algorithm 5 2-D row convolution C x U

Precondition: C € R4 is alength pq array. U € R*TP~> 4=l isalength (s+p—1)(t+q—1)
array. V € R is a length st array.

Extend the columns and rows of rev(C) and V with zeros so rev(C), V € Rstp—1>xrtq—1,
C < inverse 2-D DFT of zero-padded rev(C).
U < 2-D DFT of U.

fori=1,....,.s+p—1do
forj=1,...,t+¢g—1do
Vy(_étjﬁlj
end for
end for

V < inverse 2-D DFT of V.
Truncate the rows and columns of V so that V € R,

Postcondition: V = C *x U.
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Algorithm 6 2-D circular convolution C % X

Precondition: C € R is a length sz array. X € R is a length st array. ¥ € R* is a length st
array.

Q <« 2-DDFTof C.
X < 2DDFTof X.

forj=1,...,tdo
Yij < CUX,]
end for
end for
Y <— inverse 2-D DFT of Y.

Postcondition: ¥ = C * X.

2-D circular convolution with C € R™ is represented by the FAO I’ =
(f, @r, r+), where f : R — R™ is given by

f(X) = mat(Circ(C) vec(X)).
The adjoint f* is 2-D circular convolution with

Cii Ciy Cipm1 ... Cip
C.v,l Cs.t Cx.tfl e CS,2
C=| Cs—1,1 Co—1; Co—1y—1 ... Cs_12

G Gy Cyq oo G

The algorithms @; and @y are given in Algorithm 6, and require O((m + n)log
(m + n)) flops. The algorithms @; and @p= use O(m + n) bytes of data to store C
and C [82, Chap.4]. Here m = n = st.

2-D Discrete Wavelet Transform The 2-D DWT for separable, orthogonal
wavelets is represented by the FAO I' = (f, &y, @y+), where f : R¥>*? — R¥>
is given by

X)) = Wk"‘Wp—lm:XW;W;—l WkT
where k = max{[log,(i)], [log,(j)], 1} and W; € R¥*?" is given by
DGy

Wi = | DiHy
1
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Here Dy, Gy, and H; are defined as for the 1-D DWT. The adjoint f* is the inverse
2-D DWT. As in the 1-D DWT, the algorithms @, and @¢+ repeatedly convolve by
the filters g € R? and & € RY, which requires O(g(m + n)) flops and uses O(g) bytes
of data to store g and i [70]. Here m = n = 2”. There are many alternative wavelet
transforms for 2-D data; see, e.g., [20, 38, 69, 102].

2.3 Multiple Vector Mappings

In this section we consider linear functions that take as argument, or return, multiple
vectors. (The idea is readily extended to the case when the arguments or return
values are matrices.) The adjoint is defined by the inner product

k

k
(()C], B ?xk)’ (yl’ B ?yk)> = Z(xivyi) = ZXIT)G
i=1

i=1

The adjoint of a linear function f : R™ X --- x R%* — R™ x --- x R™ is then the
function f* : R™ x --- x R™ — R" x -.- x R" for which

¢ k
Zf(xl» X Vi = inTf*(Yl, Ca Vi
i=1 i=1

holds for all (xj,...,x) € R" x---xR"™ and (y;,...,y¢) € R™ x.-.x R™_ Here
f(x1,...,x); and f*(yy, ..., ye); refer to the ith output of f and f*, respectively.

Sum and Copy The function sum : R” x .- x R” — R with k inputs is
represented by the FAO I' = (f, @, @p+), where f(x1,...,x) = x1 + -+ + x.
The adjoint f* is the function copy : R” — R” x --- x R™, which outputs k copies
of its input. The algorithms @y and @+ require O(m + n) flops to sum and copy
their input, respectively, using only O(1) bytes of data to store the dimensions of f’s
input and output. Here n = km.

Vstack and Split The function vstack : R™ x --- x R™ — R”" is represented
by the FAO I' = (f, @7, @r+), where f(xi,...,x;) concatenates its k inputs into a
single vector output. The adjoint f* is the function split : R* — R™" x .- x R™,
which divides a single vector into k separate components. The algorithms &, and
@y« simply reinterpret their input as a differently sized output in O(1) flops, using
only O(1) bytes of data to store the dimensions of f’s input and output. Here n =
m=m; + -+ my.



236 S. Diamond and S. Boyd
2.4 Additional Examples

The literature on fast linear transforms goes far beyond the preceding examples.
In this section we highlight a few notable omissions. Many methods have been
developed for matrices derived from physical systems. The multigrid [62] and
algebraic multigrid [18] methods efficiently apply the inverse of a matrix repre-
senting discretized partial differential equations (PDEs). The fast multipole method
accelerates multiplication by matrices representing pairwise interactions [21, 59],
much like the fast Gauss transform [60]. Hierarchical matrices are a matrix format
that allows fast multiplication by the matrix and its inverse, with applications to
discretized integral operators and PDEs [14, 63, 64].

Many approaches exist for factoring an invertible sparse matrix into a product
of components whose inverses can be applied efficiently, yielding a fast method for
applying the inverse of the matrix [34, 41]. A sparse LU factorization, for instance,
decomposes an invertible sparse matrix A € R™" into the product A = LU of a
lower triangular matrix L € R™" and an upper triangular matrix U € R™". The
relationship between nnz(A), nnz(L), and nnz(U) is complex and depends on the
factorization algorithm [34, Chap. 6].

We only discussed 1-D and 2-D DFTs and convolutions, but these and related
transforms can be extended to arbitrarily many dimensions [40, 82]. Similarly, many
wavelet transforms naturally operate on data indexed by more than two dimensions
[76, 84, 116].

3 Compositions

In this section we consider compositions of FAOs. In fact we have already
discussed several linear functions that are naturally and efficiently represented
as compositions, such as multiplication by a low-rank matrix and sparse matrix
mappings. Here though we present a data structure and algorithm for efficiently
evaluating any composition and its adjoint, which gives us an FAO representing the
composition.

A composition of FAOs can be represented using a directed acyclic graph (DAG)
with exactly one node with no incoming edges (the start node) and exactly one node
with no outgoing edges (the end node). We call such a representation an FAO DAG.

Each node in the FAO DAG stores the following attributes:

* AnFAO I' = (f, @, @p+). Concretely, f is a symbol identifying the function,
and @r and @y« are executable code.

* The data needed to evaluate & and Pp+.

* Alist Ej, of incoming edges.

e A list Eyy of outgoing edges.
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N
e

Fig. 1 The FAO DAG for
f(x) = Ax + Bx sum

-~
N

copy

Each edge has an associated array. The incoming edges to a node store the arguments
to the node’s FAO. When the FAO is evaluated, it writes the result to the node’s
outgoing edges. Matrix arguments and outputs are stored in column-major order on
the edge arrays.

As an example, Fig. 1 shows the FAO DAG for the composition f(x) = Ax + Bx,
where A € R™" and B € R"™" are dense matrices. The copy node duplicates the
input x € R” into the multi-argument output (x,x) € R" x R". The A and B nodes
multiply by A and B, respectively. The sum node sums two vectors together. The
copy node is the start node, and the sum node is the end node. The FAO DAG
requires O(mn) bytes to store, since the A and B nodes store the matrices A and B
and their transposes. The edge arrays also require O(mn) bytes of memory.

3.1 Forward Evaluation

To evaluate the composition f(x) = Ax + Bx using the FAO DAG in Fig. 1, we first
evaluate the start node on the input x € R”, which copies x onto both outgoing edges.
We evaluate the A and B nodes (serially or in parallel) on their incoming edges, and
write the results (Ax and Bx) to their outgoing edges. Finally, we evaluate the end
node on its incoming edges to obtain the result Ax + Bx.

The general procedure for evaluating an FAO DAG is given in Algorithm 7. The
algorithm evaluates the nodes in a topological order. The total flop count is the sum
of the flops from evaluating the algorithm @; on each node. If we allocate all scratch
space needed by the FAO algorithms in advance, then no memory is allocated during
the algorithm.

3.2 Adjoint Evaluation

Given an FAO DAG G representing a function f, we can easily generate an FAO
DAG G* representing the adjoint f*. We modify each node in G, replacing the
node’s FAO (f, @, &¢+) with the FAO (f*, @+, @) and swapping Ej, and Eoy.
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Algorithm 7 Evaluate an FAO DAG

Precondition: G = (V, E) is an FAO DAG representing a function f. V is a list of nodes. E is a
list of edges. [ is a list of inputs to f. O is a list of outputs from f. Each element of / and O is
represented as an array.

Create edges whose arrays are the elements of / and save them as the list of incoming edges for
the start node.
Create edges whose arrays are the elements of O and save them as the list of outgoing edges for
the end node.
Create an empty queue Q for nodes that are ready to evaluate.
Create an empty set S for nodes that have been evaluated.
Add G’s start node to Q.
while Q is not empty do
u <— pop the front node of Q.
Evaluate u’s algorithm &, on u’s incoming edges, writing the result to u’s outgoing edges.
AddutoS.
for each edge ¢ = (u, v) in u’s Eqyy do
if for all edges (p, v) in v’s Ejy, p is in S then
Add v to the end of Q.
end if
end for
end while

Postcondition: O contains the outputs of f applied to inputs /.

Fig. 2 The FAO DAG for
f*(w) = ATu + BTu obtained copy
by transforming the FAO
DAG in Fig. 1 / \
AT BT
sum

We also reverse the orientation of each edge in G. We can apply Algorithm 7
to the resulting graph G* to evaluate f*. Figure 2 shows the FAO DAG in Fig. 1
transformed into an FAO DAG for the adjoint.

3.3 Parallelism

Algorithm 7 can be easily parallelized, since the nodes in the ready queue Q can
be evaluated in any order. A simple parallel implementation could use a thread pool
with ¢ threads to evaluate up to 7 nodes in the ready queue at a time. The evaluation
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of individual nodes can also be parallelized by replacing a node’s algorithm @, with
a parallel variant. For example, the standard algorithms for dense and sparse matrix
multiplication have simple parallel variants.

The extent to which parallelism speeds up evaluation of an FAO DAG is difficult
to predict. Naive parallel evaluation may be slower than serial evaluation due to
communication costs and other overhead. Achieving a perfect parallel speed-up
would require sophisticated analysis of the DAG to determine which aspects of the
algorithm to parallelize, and may only be possible for highly structured DAGs like
one describing a block matrix [54].

3.4 Optimizing the DAG

The FAO DAG can often be transformed so that the output of Algorithm 7 is
the same but the algorithm is executed more efficiently. Such optimizations are
especially important when the FAO DAG will be evaluated on many different inputs
(as will be the case for matrix-free solvers, to be discussed later). For example,
the FAO DAG representing f(x) = ABx + ACx where A, B, C € R™", shown in
Fig. 3, can be transformed into the FAO DAG in Fig. 4, which requires one fewer
multiplication by A. The transformation is equivalent to rewriting f (x) = ABx+ACx
as f(x) = A(Bx+ Cx). Many other useful graph transformations can be derived from
the rewriting rules used in program analysis and code generation [3].

Sometimes graph transformations will involve pre-computation. For example, if
two nodes representing the composition f(x) = b’ cx, where b,c € R", appear in
an FAO DAG, the DAG can be made more efficient by evaluating @ = b’c and
replacing the two nodes with a single node for scalar multiplication by «.

The optimal rewriting of a DAG will depend on the hardware and overall
architecture on which the multiplication algorithm is being run. For example, if the

Fig. 3 The FAO DAG for
f(x) = ABx + ACx sum

TN

~_

copy
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Fig. 4 The FAO DAG for
f(x) = A(Bx + Cx) A

TN
~

copy

algorithm is being run on a distributed computing cluster then a node representing
multiplication by a large matrix
A= [An A12:| ,
Az Ax

could be split into separate nodes for each block, with the nodes stored on
different computers. This rewriting would be necessary if the matrix A is so large
it cannot be stored on a single machine. The literature on optimizing compilers
suggests many approaches to optimizing an FAO DAG for evaluation on a particular
architecture [3].

3.5 Reducing the Memory Footprint

In a naive implementation, the total bytes needed to represent an FAO DAG G, with
node set V and edge set E, is the sum of the bytes of data on each node u € V and
the bytes of memory needed for the array on each edge e¢ € E. A more sophisticated
approach can substantially reduce the memory needed. For example, when the same
FAO occurs more than once in V, duplicate nodes can share data.

We can also reuse memory across edge arrays. The key is determining which
arrays can never be in use at the same time during Algorithm 7. An array for an
edge (u, v) is in use if node u has been evaluated but node v has not been evaluated.
The arrays for edges (u;,v;) and (up, v;) can never be in use at the same time if
and only if there is a directed path from v; to u, or from v, to u;. If the sequence
in which the nodes will be evaluated is fixed, rather than following an unknown
topological ordering, then we can say precisely which arrays will be in use at the
same time.
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After we determine which edge arrays may be in use at the same time, the next
step is to map the edge arrays onto a global array, keeping the global array as small
as possible. Let L(e) denote the length of edge e’s array and U C E x E denote the
set of pairs of edges whose arrays may be in use at the same time. Formally, we
want to solve the optimization problem

minimize max{z, + L(e)}
e€E

subject o [z.,z. + L(e) — 1] N [zr, ¢ + L(f) — 1] =0, (e.f) € U (6)
ze€{1,2,...}, e€E,

where the z, are the optimization variables and represent the index in the global
array where edge e’s array begins.

When all the edge arrays are the same length, problem (6) is equivalent to finding
the chromatic number of the graph with vertices E and edges U. Problem (6) is
thus NP-hard in general [72]. A reasonable heuristic for problem (6) is to first find
a graph coloring of (E, U) using one of the many efficient algorithms for finding
graph colorings that use a small number of colors; see, e.g., [19, 65]. We then have
a mapping ¢ from colors to sets of edges assigned to the same color. We order the

colors arbitrarily as cy, .. ., ¢, and assign the z, as follows:
1, ee€p(c)
Ze = .
max {zr+ L , e€¢p(c), i>1.
f€¢(0i—1){ / (f)} ¢( )

Additional optimizations can be made based on the unique characteristics of
different FAOs. For example, the outgoing edges from a copy node can share the
incoming edge’s array until the outgoing edges’ arrays are written to (i.e., copy-
on-write). Another example is that the outgoing edges from a split node can point
to segments of the array on the incoming edge. Similarly, the incoming edges on a
vstack node can point to segments of the array on the outgoing edge.

3.6 Software Implementations

Several software packages have been developed for constructing and evaluating
compositions of linear functions. The MATLAB toolbox SPOT allows users to
construct expressions involving both fast transforms, like convolution and the
DFT, and standard matrix multiplication [66]. TFOCS, a framework in MATLAB
for solving convex problems using a variety of first-order algorithms, provides
functionality for constructing and composing FAOs [11]. The Python package
linop provides methods for constructing FAOs and combining them into linear
expressions [107]. Halide is a domain specific language for image processing
that makes it easy to optimize compositions of fast transforms for a variety of
architectures [98].
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Our approach to representing and evaluating compositions of functions is similar
to the approach taken by autodifferentiation tools. These tools represent a composite
function f : R* — R™ as a DAG [61], and multiply by the Jacobian J € R™"
and its adjoint efficiently through graph traversal. Forward mode autodifferentiation
computes x — Jx efficiently by traversing the DAG in topological order. Reverse
mode autodifferentiation, or backpropagation, computes u — J'u efficiently by
traversing the DAG once in topological order and once in reverse topological order
[8]. An enormous variety of software packages have been developed for autodiffer-
entiation; see [8] for a survey. Autodifferentiation in the form of backpropagation
plays a central role in deep learning frameworks such as TensorFlow [1], Theano
[7, 13], Caffe [71], and Torch [29].

4 Cone Programs and Solvers

In this section we describe cone programs, the standard intermediate-form represen-
tation of a convex problem, and solvers for cone programs.

4.1 Cone Programs

A cone program is a convex optimization problem of the form

minimize ¢’x 7

subject to Ax + b € X, 7
where x € R” is the optimization variable, JZ is a convex cone, and A € R™",
c € R", and b € R™ are problem data. Cone programs are a broad class that include
linear programs, second-order cone programs, and semidefinite programs as special
cases [16, 92]. We call the cone program matrix-free if A is represented implicitly
as an FAOQ, rather than explicitly as a dense or sparse matrix.

The convex cone J# is typically a Cartesian product of simple convex cones from

the following list:

e Zero cone: £, = {0}.

e Free cone: #fec = R.

e Nonnegative cone: %4 = {x € R | x > 0}.

 Second-order cone: g, = {(x,1) € R"T! | x e R", t e R, x|, < t}.

* Positive semidefinite cone: #q = {vec(X) | X € §", ' Xz > 0 forall z € R"}.
* Exponential cone ([95, Sect. 6.3.4]):

Hexp = 16, 0,2) €R¥ [y >0, ye/” <z} U{(x,y,2) eR* |x <0, y=0, z>0}.
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e Power cone [68, 90, 100]:

A ={(x,y,2) € R* [ xy17 > |z], x>0, y > 0},

pwr

where a € [0, 1].

These cones are useful in expressing common problems (via canonicalization), and
can be handled by various solvers (as discussed below). Note that all the cones are
subsets of R”, i.e., real vectors. It might be more natural to view the elements of a
cone as matrices or tuples, but viewing the elements as vectors simplifies the matrix-
free canonicalization algorithm in Sect. 5.

Cone programs that include only cones from certain subsets of the list above
have special names. For example, if the only cones are zero, free, and nonnegative
cones, the cone program is a linear program; if in addition it includes the second-
order cone, it is called a second-order cone program. A well studied special case
is so-called symmetric cone programs, which include the zero, free, nonnegative,
second-order, and positive semidefinite cones. Semidefinite programs, where the
cone constraint consists of a single positive semidefinite cone, are another common
case.

4.2 Cone Solvers

Many methods have been developed to solve cone programs, the most widely used
being interior-point methods; see, e.g., [16, 91, 93, 112, 115].

Interior-Point A large number of interior-point cone solvers have been imple-
mented. Most support symmetric cone programs. SDPT3 [105] and SeDuMi [103]
are open-source solvers implemented in MATLAB; CVXOPT [6] is an open-source
solver implemented in Python; MOSEK [89] is a commercial solver with interfaces
to many languages. ECOS is an open-source cone solver written in library-free C
that supports second-order cone programs [39]; Akle extended ECOS to support
the exponential cone [4]. DSDP5 [12] and SDPA [47] are open-source solvers for
semidefinite programs implemented in C and C++, respectively.

First-Order First-order methods are an alternative to interior-point methods that
scale more easily to large cone programs, at the cost of lower accuracy. PDOS [26]
is a first-order cone solver based on the alternating direction method of multipliers
(ADMM) [15]. PDOS supports second-order cone programs. POGS [45] is an
ADMM based solver that runs on a GPU, with a version that is similar to PDOS
and targets second-order cone programs. SCS is another ADMM-based cone solver,
which supports symmetric cone programs as well as the exponential and power
cones [94]. Many other first-order algorithms can be applied to cone programs (e.g.,
[22, 78, 96]), but none have been implemented as a robust, general purpose cone
solver.
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Matrix-Free Matrix-free cone solvers are an area of active research, and a small
number have been developed. PENNON is a matrix-free semidefinite program
(SDP) solver [75]. PENNON solves a series of unconstrained optimization problems
using Newton’s method. The Newton step is computed using a preconditioned
conjugate gradient method, rather than by factoring the Hessian directly. Many
other matrix-free algorithms for solving SDPs have been proposed (e.g., [25, 48,
104, 118]). CVXOPT can be used as a matrix-free cone solver, as it allows users to
specify linear functions as Python functions for evaluating matrix-vector products,
rather than as explicit matrices [5].

Several matrix-free solvers have been developed for quadratic programs (QPs),
which are a superset of linear programs and a subset of second-order cone programs.
Gondzio developed a matrix-free interior-point method for QPs that solves linear
systems using a preconditioned conjugate gradient method [52, 53, 67]. PDCO is
a matrix-free interior-point solver that can solve QPs [99], using LSMR to solve
linear systems [43].

5 Matrix-Free Canonicalization

Canonicalization is an algorithm that takes as input a data structure representing a
general convex optimization problem and outputs a data structure representing an
equivalent cone program. By solving the cone program, we recover the solution to
the original optimization problem. This approach is used by convex optimization
modeling systems such as YALMIP [83], CVX [57], CVXPY [36], and Convex.jl
[106]. The same technique is used in the code generators CVXGEN [87] and
QCML [27].

The downside of canonicalization’s generality is that special structure in the
original problem may be lost during the transformation into a cone program. In
particular, current methods of canonicalization convert fast linear transforms in the
original problem into multiplication by a dense or sparse matrix, which makes the
final cone program far more costly to solve than the original problem.

The canonicalization algorithm can be modified, however, so that fast linear
transforms are preserved. The key is to represent all linear functions arising during
the canonicalization process as FAO DAGs instead of as sparse matrices. The
FAO DAG representation of the final cone program can be used by a matrix-free
cone solver to solve the cone program. The modified canonicalization algorithm
never forms explicit matrix representations of linear functions. Hence we call the
algorithm matrix-free canonicalization.

The remainder of this section has the following outline: In Sect. 5.1 we give an
informal overview of the matrix-free canonicalization algorithm. In Sect.5.2 we
define the expression DAG data structure, which is used throughout the matrix-free
canonicalization algorithm. In Sect. 5.3 we define the data structure used to represent
convex optimization problems as input to the algorithm. In Sect.5.4 we define
the representation of a cone program output by the matrix-free canonicalization
algorithm. In Sect. 5.5 we present the matrix-free canonicalization algorithm itself.
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For clarity, we move some details of canonicalization to the appendix. In
“Equivalence of the Cone Program” we give a precise definition of the equivalence
between the cone program output by the canonicalization algorithm and the original
convex optimization problem given as input. In “Sparse Matrix Representation”
we explain how the standard canonicalization algorithm generates a sparse matrix
representation of a cone program.

5.1 Informal Overview

In this section we give an informal overview of the matrix-free canonicalization
algorithm. Later sections define the data structures used in the algorithm and make
the procedure described in this section formal and explicit.

We are given an optimization problem

minimize f;(x)
subjectto fi(x) <0, i=1,...,p ®)
h,~(x)+d,~=0, i=1,...,q,

where x € R" is the optimization variable, fo : R* — R,....f, : R" — Rare
convex functions, h; : R" — R™ ... h, : R" — R™ are linear functions, and
dy € R™,...,d, € R" are vector constants. Our goal is to convert the problem
into an equivalent matrix-free cone program, so that we can solve it using a matrix-
free cone solver.

We assume that the problem satisfies a set of requirements known as disciplined
convex programming [55, 58]. The requirements ensure that each of the fo, ....f,
can be represented as partial minimization over a cone program. Let each function
f; have the cone program representation

fi(x) = minimize (over 1) gg) (x, 1) + eg)

subject to g}i) (x, tD) + ej(.i) € %;(i), j=1,...,r9,
where 10 € R is the optimization variable, gg), ey g% are linear functions,
eg), ey eil(l).) are vector constants, and :/1/1([) e K ((f)) are convex cones.

We rewrite problem (8) as the equivalent cone program

minimize g(()o) (x, 1©) + e(()o)

subject to —g\ (x, 1) — el € Ay, i=1,....p,
gj(i)(x,t(i)) +e](~i) € Ji;m i=1,...,p, j=1,....7®
hi(x) +d; € A", i=1,....q.

)

We convert problem (9) into the standard form for a matrix-free cone program
given in (7) by representing g(()o) as the inner product with a vector ¢ € R”'“(O),
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Fig. 5 The expression DAG
for f(x) = [[Ax[l> +3 sum

N

(RE: 3

concatenating the d; and e;i) vectors into a single vector b, and representing the

matrix A implicitly as the linear function that stacks the outputs of all the 4; and gJ(.i)

(excluding the objective g(()o) ) into a single vector.

5.2 Expression DAGs

The canonicalization algorithm uses a data structure called an expression DAG to
represent functions in an optimization problem. Like the FAO DAG defined in
Sect. 3, an expression DAG encodes a composition of functions as a DAG where
a node represents a function and an edge from a node u to a node v signifies that an
output of u is an input to v. Figure 5 shows an expression DAG for the composition
f(x) = ||Ax]||2 + 3, where x € R" and A € R™",

Formally, an expression DAG is a connected DAG with one node with no
outgoing edges (the end node) and one or more nodes with no incoming edges (start
nodes). Each node in an expression DAG has the following attributes:

* A symbol representing a function f.

* The data needed to parameterize the function, such as the power p for the function
flx) =X,

* Alist Ej, of incoming edges.

e Alist Eyy of outgoing edges.

Each start node in an expression DAG is either a constant function or a variable.
A variable is a symbol that labels a node input. If two nodes u and v both have
incoming edges from variable nodes with symbol ¢, then the inputs to # and v are
the same.

We say an expression DAG is affine if every non-start node represents a linear
function. If in addition every start node is a variable, we say the expression DAG is
linear. We say an expression DAG is constant if it contains no variables, i.e., every
start node is a constant.
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5.3 Optimization Problem Representation

An optimization problem representation (OPR) is a data structure that represents
a convex optimization problem. The input to the matrix-free canonicalization
algorithm is an OPR. An OPR can encode any mathematical optimization problem
of the form

minimize (over y w.r.t. J£) fo(x,y) (10)
subject to fix,yyesg, i=1,...,¢,

where x € R” and y € R™ are the optimization variables, %, is a proper cone,

J, ..., #; are convex cones, and for i = 0,...,¢, we have f; : R” x R" — R™

where % C R™. (For background on convex optimization with respect to a cone,

see, e.g., [16, Sect. 4.7].)

Problem (10) is more complicated than the standard definition of a convex
optimization problem given in (8). The additional complexity is necessary so that
OPRs can encode partial minimization over cone programs, which can involve mini-
mization with respect to a cone and constraints other than equalities and inequalities.
These partial minimization problems play a major role in the canonicalization
algorithm. Note that we can easily represent equality and inequality constraints
using the zero and nonnegative cones.

Concretely, an OPR is a tuple (s, 0, C) where

* The element s is a tuple (V, J¢) representing the problem’s objective sense. The
element V is a set of symbols encoding the variables being minimized over. The
element " is a symbol encoding the proper cone the problem objective is being
minimized with respect to.

e The element o is an expression DAG representing the problem’s objective
function.

e The element C is a set representing the problem’s constraints. Each element ¢; €
C is a tuple (e;, %) representing a constraint of the form f(x,y) € #. The
element ¢; is an expression DAG representing the function f and .%#; is a symbol
encoding the convex cone % .

The matrix-free canonicalization algorithm can only operate on OPRs that satisfy
the two DCP requirements [55, 58]. The first requirement is that each nonlinear
function in the OPR have a known representation as partial minimization over a
cone program. See [56] for many examples of such representations.

The second requirement is that the objective o be verifiable as convex with
respect to the cone % in the objective sense s by the DCP composition rule.
Similarly, for each element (e;, .%;) € C, the constraint that the function represented
by e; lie in the convex cone represented by J#; must be verifiable as convex by
the composition rule. The DCP composition rule determines the curvature of a
composition f(g1(x), ..., gk(x)) from the curvatures and ranges of the arguments
g1, - -, &k the curvature of the function f, and the monotonicity of f on the range of
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its arguments. See [55] and [106] for a full discussion of the DCP composition rule.
Additional rules are used to determine the range of a composition from the range of
its arguments.

Note that it is not enough for the objective and constraints to be convex. They
must also be structured so that the DCP composition rule can verify their convexity.
Otherwise the cone program output by the matrix-free canonicalization algorithm is
not guaranteed to be equivalent to the original problem.

To simplify the exposition of the canonicalization algorithm, we will also require
that the objective sense s represent minimization over all the variables in the problem
with respect to the nonnegative cone, i.e., the standard definition of minimization.
The most general implementation of canonicalization would also accept OPRs that
can be transformed into an equivalent OPR with an objective sense that meets this
requirement.

5.4 Cone Program Representation

The matrix-free canonicalization algorithm outputs a tuple (cuy, darrs barr, G, Hist)
where

e The element c,; is a length n array representing a vector ¢ € R”.

e The element d,; is a length one array representing a scalar d € R.

e The element b, is a length m array representing a vector b € R”.

e The element G is an FAO DAG representing a linear function f(x) = Ax, where
A E RmX"l.

e The element 7 is a list of symbols representing the convex cones

(%97‘%)

The tuple represents the matrix-free cone program

minimize ¢’x + d
. 11)
subjectto Ax + b € A,
where # = ] X -+ X K.
We can use the FAO DAG G and Algorithm 7 to represent A as an FAO, i.e.,
export methods for multiplying by A and A”. These two methods are all a matrix-
free cone solver needs to efficiently solve problem (11).

5.5 Algorithm

The matrix-free canonicalization algorithm can be broken down into subroutines.
We describe these subroutines before presenting the overall algorithm.
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Conic-Form The Conic-Form subroutine takes an OPR as input and returns
an equivalent OPR where every non-start node in the objective and constraint
expression DAGs represents a linear function. The output of the Conic-Form
subroutine represents a cone program, but the output must still be transformed into
a data structure that a cone solver can use, e.g., the cone program representation
described in Sect. 5.4.

The general idea of the Conic-Form algorithm is to replace each nonlinear
function in the OPR with an OPR representing partial minimization over a cone
program. Recall that the canonicalization algorithm requires that all nonlinear
functions in the problem be representable as partial minimization over a cone
program. The OPR for each nonlinear function is spliced into the full OPR. We refer
the reader to [56] and [106] for a full discussion of the Conic-Form algorithm.

The Conic-Form subroutine preserves fast linear transforms in the problem.
All linear functions in the original OPR are present in the OPR output by
Conic-Form. The only linear functions added are ones like sum and scalar
multiplication that are very efficient to evaluate. Thus, evaluating the FAO DAG
representing the final cone program will be as efficient as evaluating all the linear
functions in the original problem (8).

Linear and Constant The Linear and Constant subroutines take an affine
expression DAG as input and return the DAG’s linear and constant components,
respectively. Concretely, the Linear subroutine returns a copy of the input DAG
where every constant start node is replaced with a variable start node and a
node mapping the variable output to a vector (or matrix) of zeros with the same
dimensions as the constant. The Constant subroutine returns a copy of the input
DAG where every variable start node is replaced with a zero-valued constant node
of the same dimensions. Figures 7 and 8 show the results of applying the Linear
and Constant subroutines to an expression DAG representing f(x) = x + 2, as
depicted in Fig. 6.

Evaluate The Evaluate subroutine takes a constant expression DAG as input
and returns an array. The array contains the value of the function represented by the
expression DAG. If the DAG evaluates to a matrix A € R™*", the array represents
vec(A). Similarly, if the DAG evaluates to multiple output vectors (by,...,b;) €
R™ x --- x R, the array represents vstack(by, ..., by). For example, the output of
the Evaluate subroutine on the expression DAG in Fig.8 is a length one array
with first entry equal to 2.

Fig. 6 The expression DAG
for f(x) =x+2 sum

TN
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Fig. 7 The Linear
subroutine applied to the sum

expression DAG in Fig. 6 / \

X

Fig. 8 The Constant
subroutine applied to the sum
expression DAG in Fig. 6 /v \

0 2
Fig. 9 The expression DAG
for vstack(ey, ..., es) vstack

(4] o o o ey

Graph-Repr The Graph-Repr subroutine takes a list of linear expression
DAGs, (e1,...,e), and an ordering over the variables in the expression DAGs,
<y, as input and outputs an FAO DAG G. We require that the end node of each
expression DAG represent a function with a single vector as output.

We construct the FAO DAG G in three steps. In the first step, we combine the
expression DAGs into a single expression DAG H') by creating a vstack node and
adding an edge from the end node of each expression DAG to the new node. The
expression DAG H'V is shown in Fig. 9.

In the second step, we transform H" into an expression DAG H® with a single
start node. Let x1, ..., x; be the variables in (ey, ..., e;) ordered by <y. Let n; be
the length of x; if the variable is a vector and of vec(x;) if the variable is a matrix,
for i = 1,...,k. We create a start node representing the function split : R* —
R™ x --- x R™. For each variable x;, we add an edge from output i of the start
node to a copy node and edges from that copy node to all the nodes representing
x;. If x; is a vector, we replace all the nodes representing x; with nodes representing
the identity function. If x; is a matrix, we replace all the nodes representing x; with
mat nodes. The transformation from H") to H® when £ = 1 and e; represents
f(x) =x+A(x+y), wherex,y € R"and A € R™", are depicted in Figs. 10 and 11.
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vstack
Y
sum
/ \
X A
]
sum
/ \
x y

Fig. 10 The expression DAG H") when £ = 1 and e, represents f(x,y) = x + A(x + y)

In the third and final step, we transform H® from an expression DAG into an
FAO DAG G. H® is almost an FAO DAG, since each node represents a linear
function and the DAG has a single start and end node. To obtain G we simply
add the node and edge attributes needed in an FAO DAG. For each node u in H®
representing the function f, we add to u an FAO (f, &, ®@«) and the data needed
to evaluate @y and @p+. The node already has the required lists of incoming and
outgoing edges. We also add an array to each of H®’s edges.

Optimize-Graph The Optimize-Graph subroutine takes an FAO DAG G
as input and outputs an equivalent FAO DAG G°"', meaning that the output of
Algorithm 7 is the same for G and G°'. We choose G°P' by optimizing G so that
the runtime of Algorithm 7 is as short as possible (see Sect. 3.4). We also compress
the FAO data and edge arrays to reduce the graph’s memory footprint (see Sect. 3.5).
We could optimize the graph for the adjoint, G*, as well, but asymptotically at least
the flop count and memory footprint for G* will be the same as for G, meaning
optimizing G is the same as jointly optimizing G and G*.

Matrix-Repr The Matrix-Repr subroutine takes a list of linear expression
DAGs, (eq,...,e), and an ordering over the variables in the expression DAGs,
<y, as input and outputs a sparse matrix. Note that the input types are the same
as in the Graph-Repr subroutine. In fact, for a given input the sparse matrix
output by Matrix-Repr represents the same linear function as the FAO DAG
output by Graph-Repr. The Matrix-Repr subroutine is used by the standard
canonicalization algorithm to produce a sparse matrix representation of a cone
program. The implementation of Matrix-Repr is described in the appendix in
“Sparse Matrix Representation”.
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split

Fig. 11 The expression DAG H'® obtained by transforming H) in Fig. 10

Overall Algorithm With all the subroutines in place, the matrix-free canonicaliza-
tion algorithm is straightforward. The implementation is given in Algorithm 8.

Algorithm 8 Matrix-free canonicalization
Precondition: p is an OPR that satisfies the requirements of DCP.

(s,0,C) <= Conic-Form(p).

Choose any ordering <y on the variables in (s, 0, C).

Choose any ordering <¢ on the constraints in C.

((e1,H#1), ..., (er, H#;)) < the constraints in C ordered according to <c.
Cmat < Matrix-Repr((Linear(o)), <y).

Convert ¢y from a 1-by-n sparse matrix into a length n array cy;-.

dyy < Evaluate(Constant(o)).

b < vstack(Evaluate(Constant(e;)),...,Evaluate(Constant(es))).
G < Graph-Repr((Linear(e),...,Linear(e)), <v).

G < Optimize-Graph(G)

Hise <= (S, ..., ).

return (carry darn barr~ Gupt’ f)g/list)-
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6 Numerical Results

We have implemented the matrix-free canonicalization algorithm as an extension of
CVXPY [36], available at

https://github.com/mfopt/mf_cvxpy.

To solve the resulting matrix-free cone programs, we implemented modified
versions of SCS [94] and POGS [45] that are truly matrix-free, available at

https://github.com/mfopt/mf_scs,
https://github.com/mfopt/mf_pogs.

(The main modification was using the matrix-free equilibration described in [37].)
Our implementations are still preliminary and can be improved in many ways. We
also emphasize that the canonicalization is independent of the particular matrix-free
cone solver used.

In this section we benchmark our implementation of matrix-free canonicalization
and of matrix-free SCS and POGS on several convex optimization problems
involving fast linear transforms. We compare the performance of our matrix-free
convex optimization modeling system with that of the current CVXPY modeling
system, which represents the matrix A in a cone program as a sparse matrix and
uses standard cone solvers. The standard cone solvers and matrix-free SCS were
run serially on a single Intel Xeon processor, while matrix-free POGS was run on a
Titan X GPU.

6.1 Nonnegative Deconvolution

We applied our matrix-free convex optimization modeling system to the nonnegative
deconvolution problem (1). The Python code below constructs and solves prob-
lem (1). The constants ¢ and b and problem size n are defined elsewhere. The code is
only a few lines, and it could be easily modified to add regularization on x or apply a
different cost function to ¢ * x — b. The modeling system would automatically adapt
to solve the modified problem.

# Construct the optimization problem.
x = Variable (n)

cost = norm2 (conv(c, X) - b)
prob = Problem(Minimize (cost),
[x >= 0])

# Solve using matrix-free SCS.
prob.solve (solver=MF_SCS)

Problem Instances We used the following procedure to generate interesting
(nontrivial) instances of problem (1). For all instances the vector ¢ € R”" was
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Fig. 12 Results for a problem instance with n = 1000

a Gaussian kernel with standard deviation n/10. All entries of ¢ less than 107°
were set to 107°, so that no entries were too close to zero. The vector b € R>"™!
was generated by picking a solution X with five entries randomly chosen to be
nonzero. The values of the nonzero entries were chosen uniformly at random from
the interval [0, n/10]. We set b = ¢ % X 4+ v, where the entries of the noise vector
v € R¥ ! were drawn from a normal distribution with mean zero and variance
llc * ¥||?/(400(2n — 1)). Our choice of v yielded a signal-to-noise ratio near 20.

While not relevant to solving the optimization problem, the solution of the
nonnegative deconvolution problem often, but not always, (approximately) recovers
the original vector x. Figure 12 shows the solution recovered by ECOS [39] for
a problem instance with n = 1000. The ECOS solution x* had a cluster of 3-5
adjacent nonzero entries around each spike in X. The sum of the entries was close
to the value of the spike. The recovered x in Fig. 12 shows only the largest entry in
each cluster, with value set to the sum of the cluster’s entries.

Results Figure 13 compares the performance on problem (1) of the interior-point
solver ECOS [39] and matrix-free versions of SCS and POGS as the size n of the
optimization variable increases. We limited the solvers to 10* s.

For each variable size n we generated ten different problem instances and
recorded the average solve time for each solver. ECOS and matrix-free SCS were
run with an absolute and relative tolerance of 10~ for the duality gap, £,-norm of
the primal residual, and £;-norm of the dual residual. Matrix-free POGS was run
with an absolute tolerance of 10~ and a relative tolerance of 1073,

For each solver, we plot the solve times and the least-squares linear fit to those
solve times (the dotted line). The slopes of the lines show how the solvers scale. The
least-squares linear fit for the ECOS solve times has slope 3.1, which indicates that
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Fig. 13 Solve time in seconds 7 versus variable size n

the solve time scales like #°, as expected. The least-squares linear fit for the matrix-
free SCS solve times has slope 1.1, which indicates that the solve time scales like the
expected n log n. The least-squares linear fit for the matrix-free POGS solve times in
the range n € [10°, 107] has slope 1.1, which indicates that the solve time scales like
the expected nlogn. For n < 10°, the GPU is not saturated, so increasing n barely
increases the solve time.

6.2 Sylvester LP

We applied our matrix-free convex optimization modeling system to Sylvester LPs,
or convex optimization problems of the form

minimize Tr(D7X)
subject to AXB < C (12)
X >0,

where X € RP*? is the optimization variable, and A € R?*?, B € R?, C €
RP*4 and D € RP*? are problem data. The inequality AXB < C is a variant of the
Sylvester equation AXB = C [49].

Existing convex optimization modeling systems will convert problem (12) into
the vectorized format
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minimize vee(D)” vee(X)
subject to (BT ® A) vec(X) < vec(C) (13)
vec(X) > 0,

where BT ® A € R4 is the Kronecker product of BT and A. Let p = kq for some
fixed k, and let n = kq* denote the size of the optimization variable. A standard
interior-point solver will take O(n?) flops and O(n?) bytes of memory to solve
problem (13). A specialized matrix-free solver that exploits the matrix product AXB,
by contrast, can solve problem (12) in O(rn'~) flops using O(n) bytes of memory
[110].

Problem Instances We used the following procedure to generate interesting
(nontrivial) instances of problem (12). We fixed p = 5¢ and generated A and B by
drawing entries i.i.d. from the folded standard normal distribution (i.e., the absolute
value of the standard normal distribution). We then set

A=A/lAla+1,  B=B/|Bl+1,

so that A and B had positive entries and bounded condition number. We generated
D by drawing entries i.i.d. from a standard normal distribution. We fixed C = 117,
Our method of generating the problem data ensured the problem was feasible and
bounded.

Results Figure 14 compares the performance on problem (12) of the interior-point
solver ECOS [39] and matrix-free versions of SCS and POGS as the size n = 5¢° of

10*

103

102} T
n1.4
~
1] S
10 S il
1001
— ECOS (CPU)
-~ MF-SCS (CPU)
10t~ - MF-POGS (GPU)
5% 102 5% 103 5% 104 5% 10° 5% 105

n

Fig. 14 Solve time in seconds T versus variable size n
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the optimization variable increases. We limited the solvers to 10* s. For each variable
size n we generated ten different problem instances and recorded the average solve
time for each solver. ECOS and matrix-free SCS were run with an absolute and
relative tolerance of 1073 for the duality gap, £,-norm of the primal residual, and
£,-norm of the dual residual. Matrix-free POGS was run with an absolute tolerance
of 10~* and a relative tolerance of 1073,

For each solver, we plot the solve times and the least-squares linear fit to those
solve times (the dotted line). The slopes of the lines show how the solvers scale. The
least-squares linear fit for the ECOS solve times has slope 3.0, which indicates that
the solve time scales like 3, as expected. The least-squares linear fit for the matrix-
free SCS solve times has slope 1.4, which indicates that the solve time scales like
the expected n'. The least-squares linear fit for the matrix-free POGS solve times
in the range n € [5 x 10°, 5 x 10°] has slope 1.1. The solve time scales more slowly
than the expected n!-, likely because the GPU was not fully saturated even on the
largest problem instances. For n < 5 x 10°, the GPU was far from saturated, so
increasing n barely increases the solve time.
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Appendix

Equivalence of the Cone Program

In this section we explain the precise sense in which the cone program output by the matrix-free
canonicalization algorithm is equivalent to the original convex optimization problem.

Theorem 1. Let p be a convex optimization problem whose OPR is a valid input to the matrix-
free canonicalization algorithm. Let ®(p) be the cone program represented by the output of the
algorithm given p’s OPR as input. All the variables in p are present in ®(p), along with new
variables introduced during the canonicalization process [55, 106]. Let x € R" represent the
variables in p stacked into a vector and t € R represent the new variables in ®(p) stacked into a
vector.

The problems p and ®(p) are equivalent in the following sense:

1. For all x feasible in p, there exists t* such that (x, t*) is feasible in @ (p) and p(x) = @ (p)(x, t*).
2. For all (x,t) feasible in ®(p), x is feasible in p and p(x) < ®(p)(x, 1).

For a point x feasible in p, by p(x) we mean the value of p’s objective evaluated at x. The notation
D (p)(x, 1) is similarly defined.

Proof. See [55].
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Theorem 1 implies that p and @(p) have the same optimal value. Moreover, p is infeasible if
and only if @(p) is infeasible, and p is unbounded if and only if @(p) is unbounded. The theorem
also implies that any solution x* to p is part of a solution (x*,*) to @(p) and vice versa.

A similar equivalence holds between the Lagrange duals of p and @(p), but the details are
beyond the scope of this paper. See [55] for a discussion of the dual of the cone program output by
the canonicalization algorithm.

Sparse Matrix Representation

In this section we explain the Matrix-Repr subroutine used in the standard canonicalization
algorithm to obtain a sparse matrix representation of a cone program. Recall that the subroutine
takes a list of linear expression DAGs, (ei,...,e¢), and an ordering over the variables in the
expression DAGs, <y, as input and outputs a sparse matrix A.

The algorithm to carry out the subroutine is not discussed anywhere in the literature, so we
present here the version used by CVXPY [36]. The algorithm first converts each expression DAG
into a map from variables to sparse matrices, representing a sum of terms. For example, if the map
¢ maps the variable x € R" to the sparse matrix coefficient B € R™*" and the variable y € R" to
the sparse matrix coefficient C € R™*", then ¢ represents the sum Bx + Cy.

The conversion from expression DAG to map of variables to sparse matrices is done using
Algorithm 9. The algorithm uses the subroutine Mat rix-Coef £, which takes a node representing
a linear function f and indices i and j as inputs and outputs a sparse matrix D. Let f be a function
defined on the range of f’s ith input such thatf(x) is equal to f’s jth output when f is evaluated
on ith input x and zero-valued matrices (of the appropriate dimensions) for all other inputs. The
output of Matrix-Coeff is the sparse matrix D such that for any value x in the domain of f,

Dvec(x) = vee(f(x)).

The sparse matrix coefficients in the maps of variables to sparse matrices are assembled into a
single sparse matrix A, as follows: Let xy, . .., x; be the variables in the expression DAGs, ordered
according to <y. Let n; be the length of x; if the variable is a vector and of vec(x;) if the variable
is a matrix, for i = 1,..., k. Let m; be the length of expression DAG ¢;’s output, forj = 1,..., L.
The coefficients for x; are placed in the first n; columns in A, the coefficients for x;, in the next n,
columns, etc. Similarly, the coefficients from e; are placed in the first m; rows of A, the coefficients
from e, in the next m, rows, etc.
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Algorithm 9 Convert an expression DAG into a map from variables to sparse
matrices
Precondition: e is a linear expression DAG that outputs a single vector.

Create an empty queue Q for nodes that are ready to evaluate.
Create an empty set S for nodes that have been evaluated.
Create a map M from (node, output index) tuples to maps of variables to sparse matrices.
for every start node u in e do
x <— the variable represented by node u.
n <— the length of x if the variable is a vector and of vec(x) if the variable is a matrix.
M| (u, 1)] <— a map with key x and value the n-by-n identity matrix.
Add u to S.
end for
Add all nodes in e to Q whose only incoming edges are from start nodes.
while Q is not empty do
u <— pop the front node of Q.
Adduto S.
for edge (u, p) in u’s Eqyy, with index j do
Create an empty map M; from variables to sparse matrices.
for edge (v, u) in u’s Ej,, with index i do
AY « Matrix-Coeff(u,i,j).
k <— the index of (v, u) in v’s Eqy.
for key x and value C in M[(v, k)] do
if M; has an entry for x then
Mjx] < M;[x] + A9 C.
else
Mj[x] < A9 C.
end if
end for
end for
M(u.)] < M;.
if for all edges (g, p) in p’s Ej,, ¢ is in S then
Add p to the end of Q.
end if
end for
end while
Uend <— the end node of e.
return M[(uenq, 1)].
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Invariance Conditions for Nonlinear Dynamical
Systems

Zoltan Horvath, Yunfei Song, and Tamas Terlaky

Abstract Recently, Horvith et al. (Appl Math Comput, submitted) proposed a
novel unified approach to study, i.e., invariance conditions, sufficient and necessary
conditions, under which some convex sets are invariant sets for linear dynamical
systems. In this paper, by utilizing analogous methodology, we generalize the
results for nonlinear dynamical systems. First, the Theorems of Alternatives, i.e.,
the nonlinear Farkas lemma and the S-lemma, together with Nagumo’s Theorem are
utilized to derive invariance conditions for discrete and continuous systems. Only
standard assumptions are needed to establish invariance of broadly used convex
sets, including polyhedral and ellipsoidal sets. Second, we establish an optimization
framework to computationally verify the derived invariance conditions. Finally, we
derive analogous invariance conditions without any conditions.

Keywords Invariant set * Nonlinear dynamical system e Polyhedral set ¢ Ellip-
soid * Convex set

1 Introduction

Positively invariant set is an important concept, and it has a wide range of
applications in dynamical systems and control theory, see, e.g., [6, 7, 17, 24]. Let a
state space and a dynamical system be given. A subset S in the state space is called a
positively invariant set of the dynamical system if any forward trajectory originated
from S stays in S. For the sake of simplicity, throughout the paper we use invariant
set to refer to positively invariant set. Some classical examples of invariant sets are
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equilibria, limit cycles, etc. (see [26]). In higher dimensional spaces, examples of
invariant sets are e.g., invariant torus and chaotic attractor, see, e.g., [26]. A similar
concept in dynamical system is stability, which is one of the most commonly studied
property of invariant sets. Intuitively, an invariant set is referred to as stable if
any trajectories starting close to it remain close to it, and unstable if they do not.
Positively invariant set is an important concept and an efficient tool for the design
of controllers of constrained systems. For example, for a given closed-loop control
system, the state and control constraints hold when the initial state is chosen from a
certain positively invariant set, see, e.g., [31].

A fundamental question is to develop efficient tools to verify if a given set is an
invariant set for a given (discrete or continuous) dynamical system. Sufficient and
necessary conditions under which a set is an invariant set for a dynamical system
are important both from the theoretical and practical aspects. Such sufficient and
necessary conditions are usually referred to as invariance conditions, see, e.g., [12].
Invariance conditions can be considered as special tools to study the relationship
between the invariant set and the dynamical system. They also provide alternative
ways to design efficient algorithms to construct invariant sets. Linear discrete and
continuous dynamical systems have been extensively studied in recent decades,
since such systems have a wide range of applications in control theory, see, e.g.,
[1, 5, 16]. Invariance condition for linear systems are relatively easy to derive while
analogous conditions for nonlinear systems are more difficult to derive. Convex
sets are often chosen as candidates for invariant sets of linear dynamical systems.
These sets include polyhedron, see, e.g., [4-6], polyhedral cone, see, e.g., [10, 27],
ellipsoid, see, e.g., [7, 31], and Lorenz cone, see, e.g., [3, 23, 25]. Recently, a
novel unified method is presented in [12] to derive invariance conditions for these
classical sets for both linear discrete and linear continuous dynamical systems.
Invariant sets for nonlinear dynamical systems are more complicated to study. The
localization problem of compact invariant sets for discrete nonlinear system is
studied in [14]. A simple criteria to verify if a general convex set is a robust control
invariant set for a nonlinear uncertain system is presented in [§8]. Invariant set for
discrete system is studied in [15], and an application to model predictive control is
provided. The steplength threshold for preserving invariance of a set when applying
a discretization method to continuous systems is studied in [11, 13].

In this paper, we present invariance conditions for some classical sets for
nonlinear discrete and continuous dynamical systems. This is motivated by the fact
that most problems in the real world are often described by nonlinear systems rather
than linear systems. Therefore there is a need to investigate efficient invariance
condition to verify sets to be invariant sets for a nonlinear dynamical system.
The main tools used to derive invariance conditions for discrete and continuous
dynamical systems are the so called Theorems of Alternatives, e.g., Farkas lemma
[20, 22], S-Lemma [20, 30], and Nagumo Theorem [6, 18], respectively. For each
invariance condition, we also present an equivalent optimization problem, which
provides the possibility to use current advanced optimization algorithms or software
to verify the invariance property of given sets.
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The main contribution of this paper is that we propose novel invariance condi-
tions for general discrete and continuous systems using a novel and simple approach.
Our novel approach establishes a close connection between the theory of invariant
sets and optimization theory, as well as provides the possibility of using current
advanced optimization algorithms and methodology to solve invariant set problems.

Notation and Conventions. To avoid unnecessary repetitions, the following
notations and conventions are used in this paper. The i-th row of a matrix G is
denoted by G7. The interior and the boundary of a set S is denoted by int(S) and
aS, respectively. The index set {1, 2, ..., n} is denoted by Z(n).

2 Preliminaries

In this paper, we consider the following discrete and continuous dynamical systems:

X1 = fa(xx), ey
x(1) = fe(x(1)), 2

where x;,x € R" are state variables, and fy,f, : R" — R" are continuous
differentiable functions. When f;(x) = Ax (or f.(x) = Ax) with A being an n by
n matrix, then (1) (or (2)) is a linear discrete (or continuous) dynamical system.

Definition 1. A set S is an invariant set for the discrete system (1) if x; € S implies
xi+1 € Sforall k € N. A set S is an invariant set for the continuous system (2) if
x(0) € § implies x(¢) € S forall t > 0.

A polyhedron', denoted by P € R", is represented as P = {x € R"|Gx < b},
where G € R™" and b € R™. An ellipsoid, denoted by £ € R", centered at the
origin is defined as £ = {x € R" |x"Qx < 1}, where Q € R™" and Q > 0. Note
that any ellipsoid with nonzero center can be transformed to an ellipsoid centered at
the origin, see, e.g., [9]. A set S is said to be convex if ax + (1 — o)y € S for any
x,y € S and @ € [0, 1]. One can show that any polyhedra and ellipsoids are both
convex sets.

The following nonlinear Farkas lemma [20] and S-lemma [20, 30], which are
also refereed to as the Theorems of Alternatives, are extensively studied in the
optimization community. In this paper, we apply these two lemmas as our tools
to derive invariance conditions of sets for discrete systems.

Theorem 1 (Nonlinear Farkas lemma? [20]). Let h(¥),g1(3),...,gu(y)
R" — R be convex functions. Assume that the Slater condition is satisfied. Then
the following two statements are equivalent:

'For the sake of simplicity, we assume that there exists an interior point in the polyhedron.

2The Slater condition means that there exists a € R", such that g;(§) < 0 for all j when g;(x) is
linear, and g;(y) < 0 for all j when g;(x) is nonlinear.
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* The inequality systems h(y) < 0, gi(y) <0,j=1,2,...,m have no solution.
* There exist B1, o, ..., Bm = 0, such that h(y) + ) B;gj(y) = 0 forall y € R".
j=1

Theorem 2 (S-Lemma [20, 30]). Let h(y), g(y) : R" — R be quadratic functions,
and suppose that there is a y € R" such that g(3) < 0. Then the following two
statements are equivalent:

o The inequality system h(y) < 0, g(y) < 0 has no solution.
o There exists a scalar B > 0, such that h(y) + Bg(y) > 0, for all y € R".

The following Nagumo Theorem [18] is a general theoretical result which can
be considered as invariance condition of a closed and convex set for continuous
systems. This theorem is chosen as a tool to derive the invariance condition of sets
for continuous systems.

Theorem 3 (Nagumo [6, 18]). Let S C R” be a closed convex set, and assume that
x(t) = f(x(¢)), where f : R" — R" is a continuous function, has a unique solution
for every x(0) € S. Then S is an invariant set for this system if and only if

f(x) € Ts(x), forall x € 3S, 3)

where Ts(x) is the tangent cone® of S at x.

The geometric interpretation of Theorem 3 is clear, i.e., a set S is an invariant set
for the continuous system if and only if the tangent line of the trajectory x(¢) cannot
point out of its tangent cone. According to [6], we have that the Nagumo Theorem
cannot be extended to discrete systems.

3 Invariance Conditions for Discrete Systems

In this section, under certain assumptions, we present invariance conditions of
polyhedral sets, ellipsoids, and convex sets for discrete systems. The introduction
of these assumptions ensures that the Theorems of Alternatives can be applied to
derive invariance conditions. First, an invariance condition of polyhedral sets for
discrete systems is presented as follows.

Theorem 4. Let a polyhedron P = {x|Gx < b}, where G € R™" and b € R",
and the discrete system be given as in (1). Assume that b; — Gind(x) are convex
functions for all i € Z(m). Then P is an invariant set for the discrete system (1) if
and only if there exists a matrix H > 0, such that

HGx — Gfy(x) > Hb — b, forall x € R". 4)

3The tangent cone 75 (x) is denoted as follows: Ts(x) = {y € R" | lim énfw = 0}, where
—>04

dist(x, S) = infyes [lx — s]|.
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Proof. We have that P is an invariant set for the discrete system (1) if and only if
P C P = {x|Gfy(x) < b}. The latter one means that for every i € Z(m), the
system Gind (x) > b; and Gx < b has no solution. Let us assume to the contrary that
there exists an x* and i*, such that G%f;(x*) > by and Gx* < b. Then we have
x* € P butx* ¢ P’, which contradicts to P C P’. Also, since b; — G fy(x) is a
convex function, then, according to the convex Farkas Lemma 1, we have that there
exists a vector H; > 0 and H; € R", such that

bi — Gl fy(x) + H (Gx—b) > 0, forall x € R".
Writing H! for all i € Z(m) together into a matrix H, we have H > 0 and
b—Gfy(x) + H(Gx—b) > 0, forallx e R",

which is the same as (4).

One can use algebraic method to verify if condition (4) holds when f;(x) is
given. The algebraic method may be very challenge. Here we present the following
optimization methodology to equivalently solve condition (4).

Remark 1. Consider the following m optimization problems

max m%l}{HiT Gx — Glfy(x) — H'b + b;} for all i € Z(m). 5)

H;>0 xe

If the global optimal objective values of the m optimization problems in (5) are all
nonnegative, then we can claim that condition (4) holds.

In Theorem 4, we do not specifically assume that the system is a linear or a
nonlinear system. If the system in Theorem 4 is a linear dynamical system, then we
have the following corollary, which is an invariance condition of polyhedral sets for
linear systems. Note that Corollary 1 can also be referred to [12]. An alternative
proof for Corollary 1, using optimality conditions, is presented in Appendix.

Corollary 1 ([5, 12]). Let a polyhedron P = {x|Gx < b}, where G € R™" and
b € R™ be given, and the discrete system given in (1) be linear, i.e., f;(x) = Agx,
where Ay € R™". Then P is an invariant set of the discrete system (1) if and only if
there exists a matrix H € R™™ gnd* H > 0, such that HG = GA and Hb < b.

Proof. Since the system is linear, b; — G Ax are convex functions for all i € Z(m).
According to Theorem 4, there exists a matrix H > 0, such that condition (4)
holds, i.e.,

(HG — GA)x > Hb — b, forall x € R". (©6)

“Here H > 0 means that all the entries of H are nonnegative.
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Note that (6) holds for all x € R". One can easily show that (6) is equivalent to
HG = GA and Hb < b. The proof is complete.

In Theorem 4, we have the condition that b; — Gl.de(x) are convex function for
all i. Recall that a function, which is twice differentiable, is convex if and only if its
Hessian is positive semidefinite for all x. Thus, to verify if the functions b; — G f,;(x)
are convex, it is sufficient to verify if GT V2f(x) < 0 for all x € R". We now give an
example to illustrate Theorem 4.

Example 1. Let the discrete system be given as &1 = —& + 2 — &2, i1 =
—2& — i+ 17, and the polyhedron be givenas P = {(§,n) |§—n < —10,26 —n <
10,& — 21 < —20}.

We first show that P is an invariant set for the discrete system, i.e., (§x+1, Mk+1)
P for all (&, nx) € P. For simplicity, we only prove the first constraint, i.e., &4 —
M1 < —10. In fact, we have &1 — M1 = —Ef —m; + & + 3m = —& —
(e — 2.5)* + & — 2m + 6.25 < & — 2m + 6.25 < —20 + 6.25 < —10. The
other two constraints can be proved in a similar manner. On the other hand, one
can show that the assumption in Theorem 4 is satisfied for this example. Then we
can find a suitable H > 0 such that condition (4) holds. One can easily verify that
H = 10,0,1;0,0,0; 1,0, 1] satisfies condition (4). Then according to Theorem 4,
we have that P is an invariant set for the discrete system.

We now consider an invariance condition for ellipsoids for the discrete sys-
tem (1).

m

Theorem 5. Let an ellipsoid £ = {x|x"Qx < 1}, where Q € R™ and Q > 0,
and the discrete system be given as in (1). Assume that (f;(x))T Of;(x) is a concave
function. Then £ is an invariant set for the discrete system (1) if and only if there
exists a B > 0, such that

Bx"Ox — (f1(x))" Qfs(x) = B—1, forallx € R". )

Proof. The ellipsoid £ is an invariant set for the discrete system if and only if £ C
&', where & = {x| (f;(x))T Qfs(x) < 1}. We also note that £ C &’ is equivalent to
(R*\ &Y N E = 0, i.e., the inequality system 1 — (f;(x))T Ofs(x) < 0 and x” Qx —
1 < 0 has no solution. Since (f;(x))TQfs(x) is a concave function, we have that
1—(f4(x))TOf4(x) is a convex function. Note that x” Qx—1 is also a convex function,
according to Theorem 1, there exists a § > 0, such that

—(fa)) Ofu(x) + 14+ B(x"Qx —1) >0, forallx € R",
which is the same as (7).

Remark 2. 1If we choose x = 0 in condition (7), then we have 8 < 1 —
(£2(0)T Of,4(0), which can be considered as an upper bound of 8.

Similarly, we present the following optimization problem which is equivalent to
condition (7).
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Remark 3. Consider the following optimization problem

max min{fx" Ox — (fa(x))" Ofa(x) — B + 1}. ®)

B=>0 x€R

If the optimal objective value of optimization problem (8) is nonnegative, then
condition (7) holds.

If the system in Theorem 5 is a linear dynamical system, then we have the
following corollary, which is an invariance condition of ellipsoids for linear system.
Note that Corollary 2 can also be referred to [12].

Corollary 2 ([12]). Let an ellipsoid £ = {x|x"Qx < 1}, where Q € R™" and
0O > 0, and a linear discrete system be given as in (1), i.e., f;(x) = Ayx, where
Ay € R™" Then £ is an invariant set for the discrete system (1), if and only if there
exists a € [0, 1], such that AYQA, — O < 0.

Proof. According to Theorem 5, we have that there exists a 8 > 0, such that
K(BO—ATQA)x = B — 1, forall x € R". )

If we choose x = 0, then we have 8 < 1. Assume that AgQAd — BO £ 0, then
there exists a negative eigenvalue A and the corresponding eigenvector x* # 0 such

that (BQ — ATQA,)x* = Ax*, where A < 0. Let y* = ax* witha < 4/ %m,
then we have (y*)"(8Q —ATQA,)y* < B — 1, which contradicts (9). Thus, we have
ATQA;— O < 0.

Observe that parameter 8 presented in Corollary 2 can be eliminated. In fact,
one can show that A7QA; — BQ < 0 for B € [0,1] and Q > O is equivalent to
ATQA; — 0 <0, see [12].

In Theorem 5, we have the condition that (f;(x))7T Of,(x) is a concave function.

In fact, this is equivalent to verify if the Hessian of (f;(x))?Qf;(x) is negative
semidefinite for all x € R". We now give an example to illustrate Theorem 5.

Example 2. Let the discrete system be £ = ¥ &;m Mkl = @, and the

ellipsoid be given as £ = {(£,7) | €2 + n*> < 1}.

For any (§.m) € &, we have §,| + np,, = &_Tm‘ < ‘/TE,/E,f +n < 1,
which shows that £ is an invariant set for the discrete system. On the other hand,
let f(x) = (fi(x),L(x)T = (—V&;’”, —Vékz_m)T and Q = [1,0;0, 1]. Then we have
that f(x)" Of (x) is a concave function. If we choose 8 = %, then condition (7) yields
(& — 1%+ (m — 1)?> + 1 > 0 for any (&, nx) € R?. This, according to Theorem 5,
also shows that £ is an invariant set for the discrete system.

We now consider invariance conditions for more general convex sets for discrete
system (1). Let a convex set be given as:

S ={xeR"|gx) =0}, (10)
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where g : R” — R is a convex function. Then we have the following theorem,
which gives invariance condition for the convex set (10) for discrete system (1).

Theorem 6. Let the convex set S be given as in (10), and the discrete system be
given as in (1). Assume that there exists x° € R" such that g(x) < 0, and that
g(fa(x)) is a concave function. Then S is an invariant set for the discrete system if
and only if there exists an o > 0, such that

ag(x) —g(fs(x)) =0, forallx eR". (11)

Moreover, if g(x) and g(f;(x)) are quadratic functions, then the assumption that
g(fa(x)) is a concave function is not required.

Proof. The major tool used in this proof is the convex Farkas Lemma, i.e.,
Theorem 1. Note that to ensure S is an invariant set for the discrete system, we
need to prove S € &’ = {x|g(fu(x)) < 0}, ie., (R"\ S) NS = @. Then the
following inequality system has no solution:

—g(fa(x)) <0, gx) =0.

According to Theorem 1, there exists an & > 0, such that
—g(fa(x)) + ag(x) >0, forxeR",

which is the same as (11). For the case of quadratic functions, we can use a similar
argument and the S-Lemma to prove the last statement.

Remark 4. The set S given as in (10) is represented by only a single convex
function. In fact, the first statement in Theorem 6 can be easily extended to the
set which is presented by several convex functions, e.g., polyhedral sets.

The first statement in Theorem 6 requires that g(f;(x)) is a concave function
given that g(x) is a convex function. Let us consider x defined in a one dimensional
space as an example’ to illustrate this case is indeed possible. Since f;(x) is a
convex function, we have f;'(x) > 0 for all x € R. For simplicity, we denote
h(x) = —g(fa(x)). Then we have

H'(x) = —g" (f1(0)) (fa(0))? — &' (Fa())f] (x). (12)

If #”(x) > 0 for all x € R, then k(x) is a convex function, i.e., g(f;(x)) is a concave
function. We now find a sufficient condition such that #’'(x) > 0 for all x € R.
Assume that g(x) is a decreasing convex nonlinear function and g(x) has no lower

3The example uses the following theorem: If g(x) is a nondecreasing function, and f(x) is a convex
function, then g(f(x)) is a convex function.
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bound, we have g’(x) < 0 and g”(x) > 0 for all x € R. Assume f;(x) is a concave

function, we have f;/(x) < 0. This yields —gg}{;g;i >0> (f,/,f)(?c;z ,ie., ' (x) > 0.

Remark 5. Consider the following optimization problem:

max minfag(x) — g(fa(v))}- (13)

a>0 xeR

If the optimal objective value of optimization problem (13) is nonnegative, we can
claim that condition (11) holds.

Thus far we have three “max-min” optimization problems shown as in (5), (8),
and (13). It is usually not easy to solve a “max-min” problem. In fact, these
three problems can be transformed into a nonlinear optimization problem. Here we
consider (13) as an example to illustrate this idea. From here, we assume that g(x)
in (10) is continuously differentiable.

Theorem 7. Optimization problem (13) is equivalent to the nonlinear optimization
problem

maxiag(x) — g(fa(x) [ Vig(x) = Vig(fa(x) = 0,0 = 0}. (14)

Proof. Since @ > 0, and the functions g(x) and —g(f;(x)) are both convex functions,
we have that ag(x) — g(fs(x)) is also a convex function. Also, for « > 0, the
optimization problem

min{og(x) - g(fa(x))}, (15)

is a convex optimization problem in R”, thus problem (15) has a Wolfe dual, see,
e.g., [21, 29] given as follows:

max{ag(x) — g(fa() | aVxg(x) — Vi(g(fa(x))) = 0. (16)
Consequently, problem (13) is equivalent to the nonlinear optimization prob-

lem (14).

Remark 6. One can use a proof similar to the one presented in Theorem 7 to derive
equivalent nonlinear optimization problems for the optimization problems presented
in (5) and (8).

We now consider an alternative way to investigate invariance conditions for
discrete systems. The following lemma is easy to prove.

Lemma 1. Let ¢(x), ¥ (x) : R" — R. The following two statements are equiva-
lent:

* The inequality system ¢ (x) < 0,y (x) > 0 has no solution.
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* The optimal objective value of the optimization problem
max{e | p(x) <0, —y¥(x) + € <0} 17)
is nonpositive.
According to Lemma 1, we have the following lemma.

Lemma 2. Let the discrete system be given as in (1). Let S} = {x € R" | ¢(x) < 0}
and S, = {x € R" |y (x) < 0} be two closed sets®, where ¢(x), ¥ (x) : R" — R.
Then x € Sy implies f;(x) € S, if and only if the optimal objective value of the
following optimization problem

max{€ | ¢(x) < 0, -y (fa(x)) + € < 0}, (18)
is nonpositive.

Proof. We have that x € &) implies f;(x) € &, if and only if §; C 32 =
{x| ¥ (fs(x)) < O}. This is equivalent to (R" \ S,) N'S; = @, i.e., the systems
¢(x) < 0 and ¥(fy(x)) > 0 have no solution. Then, according to Lemma 1, the
lemma is immediate.

According to Lemma 2, we have the following theorem.

Theorem 8. Let the discrete system be given as in (1), and letS ={xeR"|p(x) <
0} be a set, where ¢(x) : R" — R. Then S is an invariant set for the discrete system
if and only if the optimal objective value of the following optimization problem

max{e |$(x) < 0,—p(fa(x)) + € < 0} (19)

is nonpositive.

Proof. The set is an invariant set for the discrete system if and only if S C S =
{x| d(fs(x)) < 0}. According to Lemma 2, the theorem is immediate.

4 Invariance Conditions for Continuous Systems

In this section, we consider invariance conditions for continuous systems in the form
of (2). For discrete systems, in Sect. 3, we transformed the invariance conditions
into “max-min” optimization problems, which were later proved to be equivalent
to traditional nonlinear optimization problems. For the continuous systems, we
transform the invariance conditions into nonlinear optimization problems, too.
First, we consider an invariance condition for continuous system (2) and for
polyhedral sets P = {x Gx < b}, where G € R™" and b € R". For simplicity

51t is not necessary to assume that the two sets are convex sets.
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we assume that the origin is in the interior of the polyhedral set, thus we have
P={xeR"|Gx<b}={xeR"|glx <b;i €I(m)}, where b > 0.

Theorem 9. Let a polyhedral set be given as P = {x € R" | glx < b;,i € Z(m)},
where b > 0, and let P' = {x € P | gl x = b;} for i € Z(m). Then P is an invariant
set for the continuous system (2) if and only if for all i € L(m)

gf.(x) < 0 holds for all x € P". (20)

Proof. Let x € 0P. Then we have that x is in the relative interior of a face, on the
relative boundary, or a vertex of P. There exists a maximal index set Z, such that
x € Njez, P'. We note that Tp(x) = {y € R"|gly < 0,i € Z,}, then, according to
Nagumo Theorem 3, the theorem is immediate.

Remark 7. Let us assume a polyhedral set P be given as in the statement of
Theorem 9. Consider the following m optimization problems:

max{g, f.(x) | g/ x = b; and x € P},i € Z(m). (21)

If the optimal objective values of all the m optimization problems in (21) are
nonpositive, then we can claim that (20) holds.

Clearly, when ginC(x) is a concave function, problem (21) is a convex problem,
which can be solved efficiently by using nonlinear convex optimization solvers, like
MOSEK [2]. Otherwise, this problem is a nonconvex problem, which may need
special nonlinear algorithms to solve [19, 28].

Invariance conditions for continuous system (2) and for ellipsoids or Lorenz
cones is presented in the following theorem.

Theorem 10. Let the ellipsoid £ = {x|x"Ox < 1}, where Q € R™" and Q > 0,
and the continuous system be given as in (2). Then £ is an invariant set for the
continuous system (2) if and only if

(f.(x))"Ox < 0, forall x € 3. (22)

Proof. Note that € = {x|xT Qx = 1}, thus the outer normal vector of £ at x € d€ is
fa(x). Then we have that the tangent cone at x € 9€ is given as T¢(x) = {y |y’ Ox <
0}, thus this theorem follows by the Nagumo Theorem 3.

Note that Theorem 10 can be applied to a Lorenz cone C, see, e.g., [12].

Remark 8. Let us consider an ellipsoid £ and the following optimization problem:
max{(f.(x))" Qx| x"Qx = 1}. (23)

If the global optimal objective value of optimization problem (23) is nonpositive,
then condition (22) holds.
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We note that problem (23) is not a convex optimization problem since the set
of feasible solutions {x|x"Qx = 1} is not a convex region. Thus, nonconvex
optimization algorithms, such as the ones implemented in [28] are required to solve
this problem.

Theorem 11. Let the convex set S be given as in (10) and let function g(x) be
continuously differentiable. Then S is an invariant set for the continuous system (2)
if and only if

(Vg())'fe(x) <0,  forallx € dS. 24)
Proof. The outer normal vector at x € S is Vg(x). Since S is a convex set, we have

Ts(x) = {y| (Vgx))"y < 0}. (25)

The proof is immediate by applying Nagumo’s Theorem 3.

Remark 9. Consider the following optimization problem:
max{e |@ = (Vg()'f.(x). g(x) = 0}. (26)

If the optimal objective value of optimization problem (26) is nonpositive, then we
can claim that condition (24) holds.

We note that when problem (26) is not a convex optimization problem, thus we
may need a nonconvex optimization algorithm to solve this problem.

5 General Results for Discrete Systems

In Sect. 3, invariance conditions for polyhedral sets, ellipsoids, and convex sets are
presented under certain assumptions. In this section, invariance conditions for these
sets for discrete systems are presented without any assumption. First let us consider
polyhedral sets.

Theorem 12. Let the polyhedron P = {x| Gx < b}, where G € R™" and b € R",
and the discrete system be given as in (1). Then ‘P is an invariant set for the discrete
system (1) if and only if there exists a matrix H > 0, such that

HGx — Gfy(x) > Hb— b, forallx € P. 27

Proof. Sufficiency: Condition (27) can be reformulated as b — Gf,;(x) > H(b — Gx),
where x € P, ie., b — Gx > 0. Since H > 0, we have b — Gf;(x) > 0, i.e.,
fa(x) € P forall x € P. Thus P is an invariant set for the discrete system. Necessity:
Assume P is an invariant set for the discrete system. Then for any x; € P, we have
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Xi+1 = fa(xx) € P, i.e., we have that b — Gx > 0 implies b — Gf;(x) > 0. Thus, we
can choose H = 0.

Note that the difference between conditions (4) and (27) is that the same
inequality holds, for x € R” in (4), and for x € P in (27), respectively. Similarly, we
also have the following remark.

Remark 10. Consider the following m optimization problems

max min{H Gx — Glfy(x) — Hb + b; | Gx < b} i€ I(m). (28)

If the global optimal objective values of the m optimization problems in (28) are all
nonnegative, then condition (27) holds.

We now present an invariance condition for ellipsoids for discrete systems. In
this invariance condition, for ellipsoids no assumption is needed.

Theorem 13. Let the ellipsoid £ = {x|x"QOx < 1}, where Q € R™" and Q > 0,
and let the discrete system be given as in (1). Then £ is an invariant set for the
discrete system if and only if there exists a § > 0, such that

BxTOx — (f;(x) T Ofy(x) = B—1, forallx €. (29)

Proof. Sufficiency: Condition (29) can be reformulated as 1 — (f;(x))7 Ofs(x) >
B(1 — xTQx), where x € . Thus we have 1 — (f;(x))TOfy(x) > 0, i.e., fy(x) € E.
Thus £ is an invariant set for the discrete system. Necessity: It is immediate by
choosing 8 = 0.

Remark 11. Consider the following optimization problem
max min{Bx" Ox — (f(x))" Qfu(x) — B+ 1|x"Qx < 1}. (30)
>0 «x
If the optimal objective value of optimization problem (30) is nonnegative, then

condition (29) holds.

We now present an invariance condition for convex sets and for discrete systems.
In this invariance condition, no assumption is needed for convex sets.

Theorem 14. Let the convex set S be given as in (10) and let the discrete system be
given as in (1). Then S is an invariant set for the discrete system if and only if there
exists an o > 0, such that

ag(x) —g(fs(x)) =0, forallxeS. 31)

Proof. Sufficiency: Condition (31) can be reformulated as arg(x) > g(f;(x)), where
x € S, ie., g(x) < 0. According to @ > 0, we have g(f;(x)) < 0, i.e,, fy(x) € S.
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Thus S is an invariant set for the discrete system. Necessity: It is immediate by
choosing & = 0.

Remark 12. Consider the following optimization problem:

max min{org(x) — g(fa(x))}. (32)
a>0 xeR”
If the optimal objective value of optimization problem (32) is nonnegative, then
condition (31) holds.

We note that there are no assumptions in Theorems 12, 13, and 14, which
means we cannot use the Wolfe duality theory. Thus we cannot transform the “max-
min” optimization problems in Remark 10, 11, and 12 into nonlinear maximization
problems. The absence of convexity assumptions makes the theorems more broadly
applicable, however the nonlinear feasibility problems (27), (29), and (31) are
nonconvex, thus their verification is significantly harder than solving convex fea-
sibility problems. We pointed out in the introduction that there are very few papers
studying invariance conditions for nonlinear systems. The nonlinear feasibility
problems (27), (29), and (31) provide us a novel perspective to consider invariance
conditions. They also bring the possibility of applying state-of-the-art optimization
algorithms to solve the nonlinear problems related to invariance conditions.

6 Conclusions

In this paper we derived invariance conditions for some classical sets for nonlinear
dynamical systems by utilizing a methodology analogous to the one presented in
[12]. This is motivated by the fact that most problems in the real world are modeled
by nonlinear dynamical systems, because they often show nonlinear characteristics.
The Theorems of Alternatives, i.e., the nonlinear Farkas lemma and the S-lemma,
together with Nagumo’s Theorem are our main tools to derive invariance conditions
for discrete and continuous systems. We derive the invariance conditions for these
classic sets for nonlinear systems with some, and without any, conditions. We also
propose an optimization problem for each invariance condition. Then to verify the
invariance condition is equivalent to solve the corresponding optimization problem.
These invariance conditions provide potential ways to design algorithms to establish
invariant sets for a system. The introduction of the associated optimization problem
opens new avenues to use advanced optimization algorithms and software to solve
invariant set problems.
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Appendix

Theorem 15 ([5, 12]). Let P = {x| Gx < b} be a polyhedron, where G € R™"
and b € R™. Let the discrete system, given as in (1), be linear, i.e., f(x) = Ax. Then
‘P is an invariant set for the discrete system (1) if and only if there exists a matrix
H > 0, such that HG = GA and Hb < b.

Proof. We have that P is an invariant set for the linear system if and only if the
optimal objective values of the following m linear optimization problems are all
nonnegative:

min{b;, — G'Ax|Gx < b} i€ I(m). (33)
Problems (33) are equivalent to
—b; + max{GTAx| Gx < b} i€ I(m). (34)

The duals of these linear optimization problems presented in (34) are for all i €
Z(m)

—bi + min bTHi
s.t. GTH; = ATG; (35)
H; > 0.

Due to the Strong Duality Theorem of linear optimization, see, e.g., [22], the primal
and dual objective function values are equal at optimal solutions, thus GTAx =
bTH;. As the optimal value of (33) is nonnegative for all i € Z(m), we have b; —
b"H; > 0. Thus b > Hb. The proof is complete.
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Modeling of Stationary Periodic Time Series by
ARMA Representations

Anders Lindquist and Giorgio Picci

Dedicated to Boris Teodorovich Polyak on the occasion of his
80th birthday

Abstract This is a survey of some recent results on the rational circulant covariance
extension problem: Given a partial sequence (co,cy,...,c,) of covariance lags
cr = E{y(t+k)y(f)} emanating from a stationary periodic process {y(¢)} with period
2N > 2n, find all possible rational spectral functions of {y(¢)} of degree at most 2n
or, equivalently, all bilateral and unilateral ARMA models of order at most #, having
this partial covariance sequence. Each representation is obtained as the solution of a
pair of dual convex optimization problems. This theory is then reformulated in terms
of circulant matrices and the connections to reciprocal processes and the covariance
selection problem is explained. Next it is shown how the theory can be extended to
the multivariate case. Finally, an application to image processing is presented.

Keywords Discrete moment problem ¢ Periodic processes * Circulant covariance
extension ¢ Bilateral ARMA models ¢ Image processing

1 Introduction

The rational covariance extension problem to determine a rational spectral den-
sity given a finite number of covariance lags has been studied in great detail
[2, 5-7, 9, 10, 17, 19, 20, 24, 35], and it can be formulated as a (truncated)
trigonometric moment problem with a degree constraint. Among other things, it is
the basic problem in partial stochastic realization theory [2] and certain Toeplitz
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matrix completion problems. In particular, it provides a parameterization of the
family of (unilateral) autoregressive moving-average (ARMA) models of stationary
stochastic processes with the same finite sequence of covariance lags. We also refer
the reader to the recent monograph [31], in which this problem is discussed in the
context of stochastic realization theory.

Covariance extension for periodic stochastic processes, on the other hand, leads
to matrix completion of Toeplitz matrices with circulant structure and to partial
stochastic realizations in the form of bilateral ARMA models

Y ayt—k =) pet—k)

k=—n k=—n

for a stochastic processes {y(t)}, where {e(¢)} is the corresponding conjugate
process. This connects up to a rich realization theory for reciprocal processes
[26-29]. As we shall see there are also (forward and backward) unilateral ARMA
representations for periodic processes.

In [12] a maximum-entropy approach to this circulant covariance extension prob-
lem was presented, providing a procedure for determining the unique bilateral AR
model matching the covariance sequence. However, more recently it was discovered
that the circulant covariance extension problem can be recast in the context of the
optimization-based theory of moment problems with rational measures developed
in[1, 3, 4, 6, 8-10, 21, 22] allowing for a complete parameterization of all bilateral
ARMA realizations. This led to a complete theory for the scalar case [30], which
was then extended to the multivariable case in [32]. Also see [38] for modifications
of this theory to skew periodic processes and [37] for fast numerical procedures.

The AR theory of [12] has been successfully applied to image processing of
textures [13, 36], and we anticipate an enhancement of such methods by allowing
for more general ARMA realizations.

The present survey paper is to a large extent based on [30, 32] and [12]. In Sect. 2
we begin by characterizing stationary periodic processes. In Sect.3 we formulate
the rational covariance extension problem for periodic processes as a moment
problem with atomic measure and present the solution in the context of the convex
optimization approach of [1, 3, 4, 6, 8—10]. These results are then reformulated in
terms of circulant matrices in Sect.4 and interpreted in term of bilateral ARMA
models in Sect. 5 and in terms of unilateral ARMA models in Sect. 6. In Sect. 7 we
investigate the connections to reciprocal processes of order n [12] and the covariance
selection problem of Dempster [15]. In Sect.8 we consider the situation when
both partial covariance data and logarithmic moment (cepstral) data is available. To
simplify the exposition the theory has so far been developed in the context of scalar
processes, but in Sect. 9 we show how it can be extended to the multivariable case.
All of these results are illustrated by examples taken from [30] and [32]. Section 10
is devoted to applications in image processing.
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2 Periodic Stationary Processes

Consider a zero-mean full-rank stationary process {y(z)}, in general complex-
valued, defined on a finite interval [N + 1, N] of the integer line Z and extended
to all of Z as a periodic stationary process with period 2N so that

y(t + 2kN) = y(1) (D

almost surely. By stationarity there is a representation

¥ = f " e45(9).  where E{|d5|%} = dF (8). @)
(see, e.g., [31, p. 74]), and therefore
e = Byt + 0y} = / MAF(B). 3)

Also, in view of (1),

/ ¢ (PN 1) d§ = o,
—IT

and hence
/ |2V — 1> dF =0,
which shows that the support of dF must be contained in {kz/N; k = —N +
1,...,N}. Consequently the spectral density of {y(f)} consists of point masses on
the discrete unit circle Toy := {C—y+1,(—n+2, ..., N}, Where
G = &N, “)
More precisely, define the function
N
dO) = Y alt 5)
k=—N+1

on Tyy. This is the discrete Fourier transform (DFT) of the sequence

(c—N+1,-..,cn), which can be recovered by the inverse DFT
R ™
ik6 g ( ,i6
a=sy > 2= [ oEa. ©)

j=—N+1 -
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. . . 1 L.
where v is a step function with steps 55 at each §;; i.e.,

e ,.do
dv(®) = ) 8" -g) %

j=—N+1

Consequently, by (3), dF(6) = ®(e'?)dv(6). We note in passing that

/ " O (0) = 0, ®)

where & equals one for k = 0 and zero otherwise. To see this, note that, for k # 0,

N

T 1 . .
(-t [ av=so 3 (d-5")
Jj=—N+1
I, _
= S (G gy =0

Since {y()} is stationary and full rank, the Toeplitz matrix

cy €1 Cy +++ Cp
€1 ¢p C1 -+t Cpei

T,=|C ¢ ¢ = Cn2 9)
Cn Cp—1 Cp—=2 *** Co

is positive definite for all n € Z. However, this condition is not sufficient for
o, C1, - - - » Cy to be a bona-fide covariance sequence of a periodic process, as can be
seen from the following simple example. Consider a real-valued periodic stationary
process y of period four. Then

y(1) Co C1 C2 C3
y(2) _|crcocr e
Evl50) [y() y2) y3) y@] ; = S,

(4) €3¢ €1 Co



Modeling of Stationary Periodic Time Series by ARMA Representations 285

Then looking at the covariance matrix for two periods, we obtain

CopC1 Cr C3 CpoCy Cp C3
C1 CoCl CpC1 Cp C1 C2
y(l) Cy C1 Cp C1 Ca C1 Cp Cq

¥(2) C3 €y Cl Co C3 Cy C| Co

Eql . | DOy@y®]p = ‘ ,
: Co €l €2C3CpC C2C3

(8) €1 Co €1 €2 €1 € €1 €2
Cy C1 Cp C1 Cp C1 Cp Cq

LC3 C2 C1 Cp €3 C2 €1 Co |

which is a Toeplitz matrix only when c3 = ¢;. Therefore the condition c3 = ¢ is
necessary. Consequently

Co C1 €2 C1 Cp €1 C2 €
C1 Co €1 €2C1 Cp €1 C2
€2 C1 Cp €1 €2 C1 Cp €
C1 €2 €1 Cp €1 C2C1 Cp
Tg =

CpC1 CrC1 CyCy Cr Cq
C] CopC1 C2C1 Cp C1 C
Cy C1 Cp C1 Cp C1 Cp Cq

LC1 C2 C1 Cp €1 C2 C1 Cp]

is a circulant matrix, where the columns are shifted cyclically, the last component
moved to the top. Circulant matrices will play a key role in the following.

3 The Covariance Extension Problem for Periodic Processes

Suppose that we are given a partial covariance sequence co, cy,...,c, withn < N
such that the Toeplitz matrix T, is positive definite. Consider the problem of finding
and extension ¢,+1, Ch+2, - - ., Cy SO that the corresponding sequence cy, ¢y, ..., Cy
is the covariance sequence of a stationary process of period 2N.

In general this problem will have infinitely many solutions, and, for reasons that
will become clear later, we shall restrict our attention to spectral functions (5) which
are rational in the sense that

PO
o)’

where P and Q are Hermitian pseudo-polynomials of degree at most n, that is of the
form

o(0) = (10)

P =Y ™ pu=pr (11)

k=—n
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Let P4 (N) be the cone of all pseudo-polynomials (11) that are positive on
the discrete unit circle Toy, and let B+ C P4 (N) be the subset of pseudo-
polynomials (11) such that P(¢”) > 0 for all § € [—m, ]. Moreover let € (N)
be the dual cone of all partial covariance sequences ¢ = (cy, ¢, . . ., ¢,) such that

{(c,p) := Xn: cpr >0 forall P e P (N) \ {0},

k=—n

and let € be defined in the same way as the dual cone of 3. It can be shown [25]

that ¢ € €4 is equivalent to the Toeplitz condition T,, > 0. Since Py C P (N),

we have € (N) C €4, soin general ¢ € €4 (N) is a stricter condition than T, > 0.
The proof of the following theorem can be found in [30].

Theorem 1. Let ¢ € € (N). Then, for each P € B (N), there is a unique Q €
P+ (N) such that

P
®=_
0

satisfies the moment conditions
f P edv(@) =cx, k=0,1,....n. (12)

Consequently the family of solutions (10) of the covariance extension problem
stated above are parameterized by P € B4 (N) in a bijective fashion. From the
following theorem we see that, for any P € P (N), the corresponding unique Q €
P+ (N) can be obtained by convex optimization. We refer the reader to [30] for the
proofs.

Theorem 2. Letc € €1 (N) and P € B4 (N). Then the problem to maximize
Ip(®) = / P('?) log @(”)dv (13)

subject to the moment conditions (12) has a unique solution, namely (10), where Q
is the unique optimal solution of the problem to minimize

10(0) = (c.q) — f P(e*) log O(¢™)dv (14)

over all Q € B+ (N), where q := (40,41, ---,qn). The functional Jp is strictly
convex.
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Theorems 1 and 2 are discrete versions of corresponding results in [6, 9]. The
solution corresponding to P = 1 is called the maximum-entropy solution by virtue
of (13).

Remark 3. As N — oo the process y looses it periodic character, and its spectral
density @, becomes continuous and defined on the whole unit circle so that

™ o do
/ Do () — =c¢;, k=0,1,....n. (15)
2

-

In fact, denoting by Qy the solution of Theorem 1, it was shown in [30] that @, =
P/Qoo, where, for each fixed P,

= i
Ooo Ngr;oQN

is the unique Q such that @, = P/Q satisfies the moment conditions (15).

4 Reformulation in Terms of Circulant Matrices

Circulant matrices [14] are Toeplitz matrices with a special circulant structure

Yo Yv Yv—1 " YI1
Y Yo Y )2

CGirc{yo, V1,-. ., Yoy = | Y2 Y1 Yo =" V3 |, (16)
Yv Yv—1 Yv—2 *** Y0
where the columns (or, equivalently, rows) are shifted cyclically, and where

Yo, Y1, - .., Yy here are taken to be complex numbers. In our present covariance
extension problem we consider Hermitian circulant matrices

M= Circ{mo,ml,mz, . ,mN,ﬁ1N_1, e ,ﬁ/lz,l/hl}, (17)

which can be represented in form

N

M= > mS™* my=m (18)
k=—N+1
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where S is the nonsingular 2N x 2N cyclic shift matrix

[0100 ...0]
0010 ...0
0001 ...0
S=|.... . .| 19)
0000 01
100 0 0 0|
The pseudo-polynomial
N
M@ = Y mlr mo=im (20)
k=—N+1

is called the symbol of M. Clearly S is itself a circulant matrix (although not
Hermitian) with symbol S(¢) = ¢. A necessary and sufficient condition for a matrix
M to be circulant is that

SMST = M. (1)

Hence, since S~! = ST, the inverse of a circulant matrix is also circulant. More
generally, if A and B are circulant matrices of the same dimension with symbols
A(¢) and B({) respectively, then AB and A + B are circulant matrices with
symbols A({)B(¢) and A({) + B({), respectively. In fact, the circulant matrices
of a fixed dimension form an algebra—more precisely, a commutative *-algebra
with the involution * being the conjugate transpose—and the DFT is an algebra
homomorphism of the set of circulant matrices onto the pseudo-polynomials of
degree at most N in the variable { € T,y. Consequently, circulant matrices
commute, and, if M is a circulant matrix with symbol M(¢), then M~! is circulant
with symbol M(¢)~.
The proof of the following proposition is immediate.

Proposition 4. Let {y(t); t = =N + 1,..., N} be a stationary process with period
2N and covariance lags (3), and let y be the 2N-dimensional stochastic vectory =
V(=N + 1), y(=N +2), -+, y(N)]T. Then, with * denoting conjugate transpose,

¥ = E{yy*} = Circ{co, c1,C25 -+, CNyCN—1,+ -+ C2,C1} (22)

is a 2N x 2N Hermitian circulant matrix with symbol @ () given by (5).

The covariance extension problem of Sect.3, called the circulant rational
covariance extension problem, can now be reformulated as a matrix extension
problem. The given covariance data ¢ = (cg,cy,-..,¢,) can be represented as a
circulant matrix

C= CirC{Co,Cl,...,C,l,o,...,O,Z‘n,z‘n_l,...,él} (23)
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with symbol

n

CO) =Y al™ (24)
k=—n
where the unknown covariance lags c¢,+1, Cy+42,-..,cy in (22), to be determined,

here are replaced by zeros. A circulant matrix of type (23) is called banded of order
n. We recall that n < N. From now one we drop the attribute ‘Hermitian’ since we
shall only consider such circulant matrices in the sequel. A banded circulant matrix
of order n will thus be determined by n 4 1 (complex) parameters.

The next lemma establishes the connection between circulant matrices and their
symbols.

Lemma 5. Let M be a circulant matrix with symbol M(¢). Then
M = F*diag(M (¢ n+1). M(E-n+2). ... M(y))F, (25)

where F is the unitary matrix

NoL o pN=2
—N+1 5—N+1 —N+1

1 '_ :_ PR _:
e B T 26)
x—l 1\1\[/—2 E];N

Moreover, if M(C) > O for all k, then
logM = F*diag(log M _n41),logM(E_n+2), ... ,logM(é'N))F. 27)

Proof. The discrete Fourier transform F maps a sequence (§—y+1,8—nN+2,--->&N)
into the sequence of complex numbers

N
GG = D gt j=-N+L-N+2...N (28)
k=—N+1

The sequence g can be recovered from G by the inverse transform
g = / e*G(®)dv(#), k=-N+1,-N+2,...,N. (29)
-7

This correspondence can be written

(30)

>
I
&S]

o
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where g := (2N)_% (G(LNH), e G({N))T, g := (g-n+1.....gn)", and F is the
nonsingular 2N x 2N Vandermonde matrix (26). Clearly F is unitary. Since

N
Mg = Z m S~

k=—N+1

and [ST*g]; = gj—«, where gitay = g, we have

N ) N
FMg) = Y {7 D mgix

j=—N+1 k=—N+1
N N

= Y om0 gl =M(©)Te,

k=—N+1 Jj=—N+1

which yields
V2N(FMg); = M(§)V2N(Fg);, j=-N+1,-N+2,....N,

from which (25) follows. Finally, since, as a function of z € C, log M(z) is analytic
in the neighborhood of each M({;) > 0, the eigenvalues of log M are just the real
numbers logM(¢{y), k = —N + 1,...,N, by the spectral mapping theorem [16,
p. 557], and hence (27) follows.

We are now in a position to reformulate Theorems 1 and 2 in terms of circulant
matrices. To this end first note that, in view of Lemma 5, the cone P (N)
corresponds to the class of positive-definite banded 2N x 2N circulant matrices
P of order n. Moreover, by Plancherel’s Theorem for DFT, which is a simple
consequence of (8), we have

n N
_ 1
> ek = N > CEPE).
k=—n Jj=—N+1
and hence, by Lemma 5,
(c.p) = ~tr(CP) G31)
s = —ur ,
PI=5N

where tr denotes trace.

Consequently, ¢ € €4 (N) if and only if tr(CP) > 0 for all nonzero, positive-
semidefinite, banded 2N x 2N circulant matrices P of order n. Moreover, if Q and P
are circulant matrices with symbols P(¢) and Q(¢), respectively, then, by Lemma 5,
P(£)/Q(¢) is the symbol of Q~'P. Therefore Theorem 1 has the following matrix
version.
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Theorem 6. Let ¢ € € (N), and let C be the corresponding circulant matrix (23).
Then, for each positive-definite banded 2N x 2N circulant matrices P of order n,
there is unique positive-definite banded 2N x 2N circulant matrices Q of order n
such that

ry=qQ'p (32)

is a circulant extension (22) of C.

In the same way, Theorem 2 has the following matrix version, as can be seen by
applying Lemma 5.

Theorem 7. Let ¢ € € (N), and let C be the corresponding circulant matrix (23).
Moreover, let P be a positive-definite banded 2N x 2N circulant matrix of order n.
Then the problem to maximize

Ip(X) =tr(Plog X) (33)

subject to

E,”YE, =T, whereE, = [10} (34)

has a unique solution, namely (32), where Q is the unique optimal solution of the
problem to minimize

Se(q) = r(CQ) — tr(Plog Q) (35)

over all positive-definite banded 2N x 2N circulant matrices Q of order n, where
q:= (90,91, -..,qn). The functional Zp is strictly convex.

5 Bilateral ARMA Models

Suppose now that we have determined a circulant matrix extension (32). Then
there is a stochastic vector y formed from the a stationary periodic process with
corresponding covariance lags (3) so that

X = E{yy*} = CiI'C{C(), C1,C2y...,CN, EN—I, e 52,51}.

Let If*]{y(t) | y(s), s # t} be the wide sense conditional mean of y(z) given all
{y(s), s # t}. Then the error process

d(t) = y(©) — By | y(s), s # 1} (36)
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is orthogonal to all random variables {y(s), s # 1}, i.e., E{y(t)d(s)} = 028, 1,5 €
Zyy := {—N + 1,—N + 2, ..., N}, where olisa positive number. Equivalently,
E{yd*} = oI, where I is the 2N x 2N identity matrix. Setting e := d/o?, we then
have

E{ey"} =L (37)

i.e., the corresponding process e is the conjugate process of y [33]. Interpreting (36)
in the mod 2N arithmetics of Z,y, y admits a linear representation of the form

Gy =e, (38)

where G is a 2N x 2N Hermitian circulant matrix with ones on the main diagonal.
Since GE{yy*} = E{ey*} = I, G is also positive definite and the covariance matrix
¥ is given by

>y =G, (39)

which is circulant, since the inverse of a circulant matrix is itself circulant. In fact,
a stationary process y is full-rank periodic in Z,y, if and only if ¥ is a Hermitian
positive definite circulant matrix [12].

Since G is a Hermitian circulant matrix, it has a symbol

N

GO = Y al™ gw=2z

k=—N+1
and the linear equation can be written in the autoregressive (AR) form

N

Y gt—k) = e). (40)

k=—N+1

However, in general G is not banded and n << N, and therefore (40) is not a
parsimonious representation. Instead using the solution (32), we have G = P~'Q,
where P and Q are banded of order n with symbols

PQ) =) pt™ and Q) = Y al™

k=—n k=—n

and hence (38) can be written

Qy = Pe,
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or equivalently in the ARMA form

D awt—k) =) pret—k). (41)
k=—n k=—n
Consequently, by Theorem 6, there is a unique bilateral ARMA model (41) for
each banded positive-definite Hermitian circulant matrix P of order n, provided ¢ €
¢4 (N). Of course, we could use the maximum-entropy solution with P = I leading
to an AR model

D @t —k) = e(). (42)
k=—n
Next, to illustrate the accuracy of bilateral AR modeling by the methods
described so far we give some simulations from [30], provided by Chiara Masiero.
Given an AR model of order n = 8 with poles as depicted in Fig. 1, we compute a
covariance sequence ¢ = (¢, ¢y, . . ., ¢,) With n = 8, which is then used to solve the
optimization problem (35) with P = I to obtain a bilateral AR approximations of
degree eight for various choices of N. In Fig. 2, the top picture depicts the spectral
density for N = 128 together with the true spectral density (dashed line), and the
bottom picture illustrates how the estimation error decreases with increasing N.
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Fig. 2 Bilateral AR approximation: (fop) spectrum for N = 128 and true spectrum (dashed);
(bottom) errors for N=32, 64, 128, 256, 512 and 1024

6 Unilateral ARMA Models and Spectral Factorization

As explained in Sect. 2, a periodic process y has a discrete spectrum, and Theorem 1
provides values of

P(z
o) = 2@
0()
only in the discrete points z € Toy = {{_y+1,l—n+2,.-.,Cn}. Since @ takes

positive values on Ty, there is a trivial discrete factorization

D) =W(EIW(&)® k=-N+1,...,N. (43)
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Defining
1 N
Wk—_ZN' E W()g, k=-N+1,...,N,
Jj=—N+1

we can write (43) in the form

2(5) = W(OW(©)", (44)
where W({) is the discrete Fourier transform
N
wo = > wiet
k=—N+1

Formally substituting the variable z € T in place of { in W, we obtain a spectral
factorization equation

D(z) = W)W(R)*, zeT, (45)

defined on the whole unit circle, where the continuous spectral density Qs(z),
frequency sampled with sampling interval %, satisfies QS(Q‘) = @(¢) on Tyy. This
is a spectral density of a non-periodic stationary process but should not be confused
with @, in Remark 3, which is the unique continuous @ with numerator polynomial
P and the same first n 4 1 covariance lags as the periodic process y, i.e.,

o 0. do
/ e’ko(boo(e'e)— =, k=0,1,...,n.
x 21
In fact, although
T . ~ .
/ e’kg@(e’e)dv(G) =, k=0,1,...,n, (46)
the non-periodic process with spectral density @ has the covariance lags

oo g dO
g,;/ e’k9(1§(el0)2—, k=0,1,...,n,
T

—7

which differ from co, ci., . .., ¢,. However, setting AY; := 6, — 6,_ where el = s
we see from (4) that Af; = m/N and that the integral (46) with @ fixed is the
Riemann sum

N
o~ AB;
E lk@'@ . J
e’ (é—j) 21

j==N+1

converging to ¢, fork =0,1,...,nas N — oo.
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By Proposition 4, @(¢) is the symbol of the circulant covariance matrix X', and
hence (44) can be written in the matrix form

X2 = WW*, (47)

where W is the circulant matrix with symbol W(¢). The spectral density (45) has a
unique outer spectral factor W(z); see, e.g., [31]. As explained in detail in [11], this
corresponds in the discrete setting to W(¢) taking the form

N
W) =Y W™ (48)
k=0

which in turn corresponds to W being lower-triangular circulant, i.e.,
W = Circ{Wy, Wy, ..., Wy,O0,...,0}. (49)

Note that a lower-triangular circulant matrix is not lower triangular as the circulant
structure has to be preserved. Since X is invertible, then so is W.

Next define the periodic stochastic process {w(t), t = —N + 1..., N} for which
w = [W(=N + 1), w(=N + 2),...,w(N)]"is given by

w=WTy. (50)

Then, in view of (47), we obtain E{ww*} = 1, i.e., the process w is a white noise
process. Consequently we have the unilateral representation

N
y(t) =) Wew(t = k)
k=0

in terms of white noise.

To construct an ARMA model we appeal to the following result, which is easy
to verify in terms of symbols but, as demonstrated in [11], also holds for block
circulant matrices considered in Sect. 9.

Lemma 8. There exists an integer Ny such that the following holds for N > Ny. A
positive definite, Hermitian, circulant matrix M admits a factorization M = VV*,
where V is of a banded lower-diagonal circulant matrix of order n < N, if and only
if M is bilaterally banded of order n.

By Theorem 6, ¥ = Q7 'P, where Q and P are banded, positive definite,
Hermitian, circulant matrices of order n. Hence, for N sufficiently large, by
Lemma 8 there are factorizations

Q =AA* and P = BB*,

where A and B are banded lower-diagonal circulant matrices of order n. Conse-
quently, ¥ = A"'B(A™'B)*, ie.,
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W =A"!B, (51)

which together with (50) yields Ay = Bw, i.e., the unilateral ARMA model
D ay(t—k) =Y bw(t— k). (52)
k=0 k=0

Since A is nonsingular, ay # 0, and hence we can normalize by setting ap = 1. In
particular, if P = I, we obtain the AR representation

D ay(t — k) = bow(o). (53)
k=0

Symmetrically, there is factorization
X = WW*, (54)

where W is upper-diagonal circulant, i.e. the transpose of a lower-diagonal circulant
matrix, and a white-noise process

w=WTy. (55)
Likewise there are factorizations
Q =AA* and P =BB*,
where A and B are banded upper-diagonal circulant matrices of order 7. This yields

a backward unilateral ARMA model

0

0
D ayt—k =) bt —k). (56)

k=—n k=—n

These representations should be useful in the smoothing problem for periodic
systems [29].

7 Reciprocal Processes and the Covariance
Selection Problem

Let A, B and X be subspaces in a certain common ambient Hilbert space of
zero mean second order random variables. We say that A and B are conditionally
orthogonal given X if
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a—ERa | X} LB—E{B|X}, VYaecAVBeB (57)
(see, e.g., [31]), which we denote A | B | X, and which clearly is equivalent to
E@m|mﬁw|m}=EmE,VaeAVﬂeB (58)

Conditional orthogonality is the same as conditional uncorrelatedness, and hence
conditional independence in the Gaussian case.

Let yr—us and y(; 1+, be the n-dimensional random column vectors obtained by
stacking y(t — n),y(t —n + 1)...,y(t — 1) and y(z + 1),y(t + 2)...,y(t + n),
respectively, in that order. In the same way, y,—, 4 is obtained by appending y(¢) to
Y[—n,» as the last element, etc. Here and in the following the sums ¢ — k and ¢ + k
are to be understood modulo 2N. For any interval (¢1, %) C [N + 1, N], we denote
by (11, ;)¢ the complementary set in [1, 2N].

Definition 9. A reciprocal process of order n on (—N, N] is a process {y(7); t =
—N +1,...,N} such that

E{y(r) | v(s), s # 1} = E5O) | Ypni) V Yestn} (59)

fort € (=N, N].

This is a generalization introduced in [12] of the concept of reciprocal process
[23], which can be trivially extended to vector processes. In fact, a reciprocal process
in the original sense is here a reciprocal process of order one. This concept does not
require stationarity, although here it will always be assumed.

It follows from [31, Proposition 2.4.2 (iii)] that {y(¢)} is reciprocal of order n if
and only if

E{y(r) | y(s), s € [t—n, 1+ 0]} = E5@ | Ypn) V Yistn} (60)

for t € [-N + 1, N]. In particular, the estimation error

d(t) = y(O) = E{y(0) | y(s), s # 1}

N (61)
= y(0) =B | Yp—nn V Vst
must clearly be orthogonal to all random variables {y(s), s # 1}; i.e. E{d(1)y(s)} =
028, where o is the variance of d(f). Then e(t) := d(¢)/c? is the (normalized)
conjugate process of y satisfying (37), i.e.,

Ele()y(s)} = 8. (62)

Since e(t + k) is a linear combination of the components of the random vector
Y{r+k—ni+k+n)» it follows from (62) that both e(z + k) and e(f — k) are orthogonal to
e(t) for k > n. Hence the process {e(¢)} has correlation bandwidth n, i.e.,
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Ele(t+k)e()*} =0 forn < |k| <2N—n, k€ [-N + 1,N], (63)

and consequently (y,e) satisfies (38), where G is banded of order n, which
corresponds to an AR representation (42).

Consequently, the AR solutions of the rational circulant covariance extension
problem are precisely the ones corresponding to a reciprocal process {y(¢)} of order
n. Next we demonstrate how this representation is connected to the covariance
selection problem of Dempster [15] by deriving a generalization of this seminal
result.

LetJ := {ji,....,jp} and K := {ki,...,k,} be two subsets of {—N + 1,—N +
2,...,N}, and define y; and yk as the subvectors of y = (y_y+1,Y-n+2.7 »IN)"
with indices in J and K, respectively. Moreover, let

Yk = span{y(: 1 £ J. 1 ¢ K} =¥, 0 Y,
where Y, := span{y(?); t ¢ J}. With a slight misuse of notation, we shall write
v Ly | Yo, (64)

to mean that the subspaces spanned by the components of y; and yg, respectively,
are conditionally orthogonal given Y, k. This condition can be characterized in
N

terms of the inverse of the covariance matrix X := E{yy*} = [O"f]u':—N 41

of y.

Theorem 10. LerG := X! = [gij]?‘/j:l be the concentration matrix of the random
vectory. Then the conditional orthogonality relation (64) holds if and only if gjx = 0
forall (j, k) € J X K.

Proof. Let E; be the 2N x 2N diagonal matrix with ones in the positions
(15J1)s -+ GmsJm) and zeros elsewhere and let Ex be defined similarly in terms
of index set K. Then Y, is spanned by the components of y — E;y and Y by the
components of y — Exy. Let

Yk =Yk — IAE{YK | ‘?K}
and note that its g X g covariance matrix
Ly = E{yxi}
must be positive definite, for otherwise some linear combination of the components
of yx yvould belong to Yg. Let yx = Ggy for some ¢ x 2N matrix Gg. Since
yx L Yk,

E{yx(y — Exy)*} =0

and therefore E{yxy*} = Gx X must be equal to E{yx(Exy)*}, which, by yx € SV(,%,
in turn equals
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E{x (Exy)*} = E{FxE{(Exy)* | YF}).

However, since the nonzero components of I@J{EKy | YIJ{'} are those of yg, there is
an 2N x g matrix ITgx with the unit vectors e,/q, i=1,...,q, as the rows such that

R{Exy | ‘v{f{} = Ikyk,
and hence
E{¥x(Exy)*} = E{§xyi T = X «II§.

Consequently, Gx X = Il ie.,

Gy = XTIl x".
In the same way, y; = G,y, where G; is the ¢ x 2N matrix

G, =X, 27",
and therefore

E{§, 55 = 2,00 2 Tk Xy,

which is zero if and only if HJ*E_IHK =0,ie, gy =O0forall (j, k) € J x K.

It remains to show that E{y,¥%} = O is equivalent to (64), which in view of (58),
can be written

E{Bly, | oxiye | Yoxd™) = Etwyi)
However,
E{555) = Blyyi} — E{Btys | Vitvk | e},
so the proof will complete if we show that
E{Ety, | V3 Blyvk | Yed*} = E {Blys | Yooty | Vx| (65)

the proof of which follows precisely the lines of Lemma 2.6.9 in [31, p. 56].

Taking J and K to be singletons we recover as a special case Dempster’s original
result [15].

To connect back to Definition 9 of a reciprocal process of order n, use the
equivalent condition (60) so that, with J = {t} and K = [t —n, t + n]°,y; = y(1)
and yx are conditionally orthogonal given Y;x = Yj—ns) V Y(1.14+n)- Then J x K is
the set {t x[t—n,t+n];t e (=N, N| }, and hence Theorem 10 states precisely
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that the circulant matrix G is banded of order n. We stress that in general G = X !
is not banded, as the underlying process {y()} is not reciprocal of degree n, and we
then have an ARMA representation as explained in Sect. 5.

8 Determining P with the Help of Logarithmical Moments

We have shown that the solutions of the circulant rational covariance extension
problem, as well as the corresponding bilateral ARMA models, are completely
parameterized by P € B (N), or, equivalently, by their corresponding banded
circulant matrices P. This leads to the question of how to determine the P from
given data.

To this end, suppose that we are also given the logarithmic moments

yk=/ e log d(¢®)dv, k=1,2,....n. (66)

-

In the setting of the classical trigonometric moment problem such moments are
known as cepstral coefficients, and in speech processing, for example, they are
estimated from observed data for purposes of design.

Following [30] and, in the context of the trigonometric moment problem, [7, 10,
18, 34], we normalize the elements in 34 (N) to define P4 (N) := {P € P4 (N) |
po = 1} and consider the problem to find a nonnegative integrable @ maximizing

k4 N
I(®) =/ log ®(”)dv = L Z log @(&)) 67)

o N S

subject to the moment constraints (6) and (66). It is shown in [30] that if there is a
maximal @ that is positive on the unit circle, it is given by

P

D) = —, 68
©) 00) (68)
where (P, Q) is the unique solution of the dual problem to minimize
b4 ) P i0
5.0 = tea) ~ trop) + [ Peoe (7 )av (©9)
—r o(e")

over all (P,Q) € ‘ﬁ+(N) X PBL(N), where y = (Yo, V1,--.,Vs) and p =
(Po,p1,--.,pn) With yg = 0 and pg = 1.

The problem is that the dual problem might have a minimizer on the boundary
so that there is no stationery point in the interior, and then the constraints will in
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general not be satisfied [30]. Therefore the problem needs to be regularized in the
style of [17]. More precisely, we consider the regularized problem to minimize

I,(P,0) =I(P,Q)— A / i log P(¢'?)dv (70)

-

for some suitable A > 0 over all (P, Q) € B4 (N) x P4 (N). Setting J, (P, Q) :=
2NJ; (P, Q), (70) can be written

J,(P,Q) = tr{CQ} — tr{I'P} + tr{Plog PQ !} — A tr{log P}, (71)

where I' is the Hermitian circulant matrix with symbol

n

rey=> w" ya=n (72)

k=—n

Therefore, in the circulant matrix form, the regularized dual problem amounts to
minimizing (71) over all banded Hermitian circulant matrices P and Q of order n
subject to po = 1. It is shown in [30] that

r=Q7'p, (73)

or, equivalently in symbol form (68), maximizes

I(Y) = tr{log X'} = logdet ¥, (74)
or, equivalently (67), subject to (6) and (66), the latter constraint modified so that
the logarithmic moment y; is exchanged for yx + &, k = 1,2, ..., n, where

T A A A
& = / M dv = —u{S'P7Y, (75)
- P(e’9) 2N
P being the optimal P.

The following example from [30], provided by Chiara Masiero, illustrates the
advantages of this procedure. We start from an ARMA model with n = 8 poles
and three zeros distributed as in Fig. 3, from which we compute ¢ = (¢, ¢y, .- -, ¢p)
and y = (y1,...,¥,) for various choices of the order n. First we determine the
maximum entropy solution from ¢ with n = 12 and N = 1024. The resulting
spectral function @ is depicted in the top plot of Fig.4 together with the true
spectrum. Next we compute @ by the procedure in this section using ¢ and y with
n = 8and N = 128. The result is depicted in the bottom plot of Fig. 4 again together
with the true spectrum. This illustrates the advantage of bilateral ARMA modeling
as compared to bilateral AR modeling, as a much lower value on N provides a better
approximation, although 7 is smaller.
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Fig. 3 Poles and zeros of true ARMA model

9 Extensions to the Multivariate Case

To simplify notation we have so far restricted our attention to scalar stationary
periodic processes. We shall now demonstrate that most of the results can be simply
extended to the multivariate case, provided we restrict the analysis to scalar pseudo-
polynomials P(¢). In fact, most of the equations in the previous section will remain
intact if we allow ourselves to interpret the scalar quantities as matrix-valued ones.

Let {y(#)} be a zero-mean stationary m-dimensional process defined on Z,y; i.e.,
a stationary process defined on a finite interval [-N + 1, N] of the integer line Z and
extended to all of Z as a periodic stationary process with period 2N. Moreover, let
C_nN+1,C—N+2,...,Cy be the m x m covariance lags Cy := E{y(t + k)y(¢)*}, and
define its discrete Fourier transformation

N

b)) = Y. QL. j=-N+1....N, (76)
k=—N+1

which is a positive, Hermitian matrix-valued function of {. Then, by the inverse
discrete Fourier transformation,

N
1 k " k6 i6
C"zfv, %:H;j@(gj):/_ﬂe @(e?)dv, k=-N+1,...,N, (77)
J=
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Fig. 4 Bilateral approximations with true spectrum (dashed): (top) bilateral AR with n = 12
and N = 1024; (bottom) bilateral ARMA with n = 8 and N = 128 using both covariance and
logarithmic moment estimates

where the Stieljes measure dv is given by (7). The m x m matrix function @ is the
spectral density of the vector process y. In fact, let

N

G = Y YO, k==N+1,....N, (78)
t=—N+1

be the discrete Fourier transformation of the process y. Since

1 N
N Do G = b

r=—N+1
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by (8), the random variables (78) are uncorrelated, and

SIS0 = 20 79

This yields a spectral representation of y analogous to the usual one, namely

N
1 [ " ik6 g2
=55 X G = [ e (80)
k=—N+1
where dy 1= $(¢'?)dv.
Next, we define the class ‘13('" "(N) of m x m Hermitian pseudo-polynomials

00) =Y L™ 0u=0f (81)

k=—n

of degree at most n that are positive definite on the discrete unit circle T,y, and let
(m " ‘B(m ") (N) be the subset of all (81) such that Q(e'?) is positive define for all

0 € [—n, w]. Moreover let (‘Z(f‘”) (N) be the dual cone of all C = (Cy, Cy,...,Cy)
such that

n

(€.0):= > u{CQr}>0 forall Qe Py B (V) \ {0},

k=—n

and let Qi('"’") » Q(m‘") (NV) be defined as the dual cone of ‘13(4'_"‘") . Analogously to the

(m,n)

scalar case it can be shown that C € €} if and only if the block-Toeplitz matrix

Co C: C& - C

C G CT .Cr
T,=|C G G C::_ (82)

Cn Cn—l Cn—2 CO

is positive definite [32], a condition that is necessary, but in general not sufficient,
for C € € (N) to hold.

The basic problem is the following. Given the sequence C = (Cy, Cy,...,C,) €
(f(f’")(N) of m x m covariance lags, find an extension Cy,+1, Cy42,...,Cy with
C_ = C} such that the spectral function ¢ defined by (76) has the rational form

o) = PO, Pepl”W), 0 e B W) (83)
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Theorem 11. Let C € Qf(f’") (N). Then, for each P € ‘,]3(_;"") (N), there is a unique
Qe Y,B(f'") (N) such that
@ =pPQ! (84)

satisfies the moment conditions

/g
/ eikgq)(eie)d\} = Ck, k=0,1,...,n. (85)

—T

Theorem 11 is a direct consequence of the following theorem, which also
provides an algorithm for computing the solution.

Theorem 12. For each (C,P) € QYET_"'") (N) x ‘13:{”” (N), the problem to maximize
the functional

Ip(®) = /n P(e") log det @ (e )dv (86)

subject to the moment conditions (85) has a unique solution &, and it has the form
é(5) = PO, (87)

where Q € ‘B(f’") (N) is the unique solution to the dual problem to minimize

Jp(Q) = (C.Q) — / ' P(e") log det Q(e")dv (88)

overall Q € ‘BT’") (N).

The proofs of Theorems 11 and 12 follow the lines of [32]. It can also be shown
that the moment map sending Q € ‘B(f’”) (N toCe Qﬁg_"’") (N) is a diffeomorphism.

To formulate a matrix version of Theorems 11 and 12 we need to introduce
(Hermitian) block-circulant matrices

N
M= > S @M. M, =M (89)
k=—N+1

where ® is the Kronecker product and S is the nonsingular 2N x 2N cyclic shift
matrix (19). The notation S will now be reserved for the 2mN x 2mN block-shift
matrix

05, 0...0
0 0Z...0

S=8®Ly=|:: - 1| (90)
000 01,
I, 00 0 0
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As before SV = 8 =1 := Iy, S¥2V = Sk, and S?V % = S~ = (S¥). Moreover
SMS* = M ©1)

is both necessary and sufficient for M to be m x m block-circulant. The symbol of
M is the m x m pseudo-polynomial

N

M@ = Y M, My=M. (92)
k=—N+1

We shall continue using the notation
M := Circ{Mo, M\, Ma, ..., My, My_,, ..., M7} (93)
also for (Hermitain) block-circulant matrices.

The problem can now be reformulated in the following way. Given the banded
block-circulant matrix

C=) 5*®@C. C=(; (94)
k=—n
of order n, find an extension C,41,Cyy2,...,Cy such that the block-circulant
matrix
N
r= Y s*eG. = (95)
k=—N+1

has the symbol (83).
To proceed we need a block-circulant version of Lemma 5.

Lemma 13. Let M be a block-circulant matrix with symbol M(¢). Then
M = F*diag(M(¢—n41), M({—n+2). . ... M(Ey))F, (96)
where ¥ is the unitary 2mN x 2mN matrix

N—2
C N+1 §—N+1Im‘ §—N+1

1 . T
=" N O e VL | 97)

N, N e GV
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Moreover, if M(Cy) is positive definite for all k, then

logM = F*diag(log M({—n+1),10g M({—n+2), - . ., log M({n))F, (98)

where diag stands for block diagonal.

The proof of Lemma 13 will be omitted, as it follows the same lines as that of
Lemma 5 with straight-forward modification to the multivariate case. Clearly the
inverse

M~ = F*diag(M(¢-n41) " M(Eni2) ™. . MGy )F (99)
is also block-circulant, and

S = F*diag(é‘_NHIm, §_N+2Im, ey ;Nlm)F~ (100)

However, unlike the scalar case, block-circulant matrices do not commute in
general.

Given Lemma 13, we are now in a position to reformulate Theorems 11 and 12
in matrix from.

Theorem 14. Let C € Qf(f’") (N), and let C be the corresponding block-circulant
matrix (94) and (82) the corresponding block-Toeplitz matrix. Then, for each
positive-definite banded 2mN x 2mN block-circulant matrices

P= Y S @pdn, Pk =in (101)

k=—n

of ordern, where P(¢) = Y 1__, pil* € ‘B(Jl'") (N), there is a unique sequence Q =
(Qo, 01, . ..,0,) of mx m matrices defining a positive-definite banded 2mN X 2mN
block-circulant matrix

Q=) s*teo. 0.4=0; (102)
k=—n
of order n such that

rF=Q'p (103)

is a block-circulant extension (95) of C. The block-circulant matrix (103) is the
unique maximizer of the function

Ip(%) = tr(Plog X) (104)
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subject to

E,”YE, =T, whereE, = [Iﬂ ) (105)

Moreover, Q is the unique optimal solution of the problem to minimize

Ap(Q) = (CQ) — r(Plog Q) (106)

over all positive-definite banded 2mN x2mN block-circulant matrices (102) of order
n. The functional by is strictly convex.

For P = I we obtain the maximum-entropy solution considered in [12], where
the primal problem to maximize .#; subject to (105) was presented. In [12] there
was also an extra constraint (91), which, as we can see, is not needed, since it is
automatically fulfilled. For this reason the dual problem presented in [12] is more
complicated than merely minimizing _#j.

Next suppose we are also given the (scalar) logarithmic moments (66) and that
Ce Qg_"'") (N). Then, if the problem to maximize tr{log X } subject to (105) and (66)
over all positive-definite block-circulant matrices (95) has a solution, then it has the
form

r=qQ'p (107)
where the (P, Q) is a solution of the dual problem to minimize
J(P,Q) = tr{CQ} — tr{T'P} + tr{Plog PQ 1}, (108)

over all positive-definite block-circulant matrices of the type (101) and (102) with
the extra constrain py = 1, where I' is the block-circulant matrix formed in the
style of (102) from

n

rey= > wi" yua=n (109)

k=—n

However, the minimum of (108) may end up on the boundary, in which case the
constraint (66) may fail to be satisfied. Therefore, as in the scalar case, we need to
regularize the problem by instead minimizing

J,(P,Q) = tr{CQ} — tr{I'P} + tr{Plog PQ™'} — A tr{log P}. (110)
This problem has a unique optimal solution (107) satisfying (105), but not (66).

The appropriate logarithmic moment constraint is obtained as in the scalar case by
exchanging yy for y; + & foreach k = 1,2, ..., n, where g is given by (75).
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Fig. 5 Poles and zeros of an 1 ‘
ARMA 2 X 2 model of order
n==6
X % (o]
X
x
of X @R O Xere X
o x
08
- x * o.
- | -
-1 -0.5 0 0.5 1
Again each solution leads to an ARMA model
n n
Y 0=k =) pre(t—k), (111)
k=—n k=—n
where {e(f)} is the conjugate process of {y(r)}, Qo, Q1, ..., Q, are m X m matrices,
whereas py, p1, . . . , pn are scalar with pg = 1.

We illustrate this theory with a simple example from [32], where a covariance
sequence C := (Cyp, Cy,...C,) and a cepstral sequence y := (y1, ¥2, ..., Yn) have
been computed from a two-dimensional ARMA process with a spectral density
@ := PQ~!, where P is a scalar pseudo-polynomial of degree three and Q is a
2 x 2 matrix-valued pseudo-polynomial of degree n = 6. Its zero and poles are
illustrated in Fig. 5.

Given C and y, we apply the procedure in this section to determine a pair (P, Q)
of order n = 6. For comparison we also compute an bilateral AR approximation
with n = 12 fixing P = I. As illustrated in Fig. 6, the bilateral ARMA model of
order n = 6 computed with N = 32 outperforms the bilateral AR model of order
n =12 with N = 64.

The results of Sect.5 can also be generalized to the multivariate case along the
lines described in [11].
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14 - - - - - -
= = = AR, n=12
= ARMA, n=6

3.5

Fig. 6 The norm of the approximation error for a bilateral AR of order 12 for N = 64 and a
bilateral ARMA of order 6 for N = 32

Fig. 7 An image modeled as M
a reciprocal vector process

y(0) y(1) y(M—1)

10 Application to Image Processing

In [12] the circulant maximum-entropy solution has been used to model spatially
stationary images (textures) [40] in terms of (vector-valued) stationary periodic
processes. The image could be thought of as an m x M matrix of pixels where the
columns form a m-dimensional reciprocal process {y(¢)}, which can extended to a
periodic process with period M > N outside the interval [0, N]; see Fig. 7.

This imposes the constraint Cy—y = C;." on the covariance lags Cy := E{y(t +
k)y(H)"}, leading to a circulant Toeplitz matrix. The problem considered in [12] is
to model the process {y(#)} given (estimated) Cy, C1, ..., C,, where n < N with an
efficient low-dimensional model. This is precisely a problem of the type considered
in Sect. 9.
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Fig. 8 Three images modeled by reciprocal processes (original at bottom)

Solving the corresponding circulant maximum-entropy problem (with P = I),
n=1,m = 125and N = 88, Carli et al. [12] derived a bilateral model of the
images at the bottom row of Fig. 8 to compress the images in the top row, thereby
achieving a compression of 5:1.

While the compression ratio falls short of competing with current jpeg standards
(typically 10:1 for such quality), our approach suggests a new stochastic alternative
to image encoding. Indeed the results in Fig. 8 apply just the maximum entropy
solution of order n = 1. Simulations such as those in Fig. 4 suggest that much better
compression can be made using bilateral ARMA modeling.

An alternative approach to image compression using multidimensional covari-
ance extension can be found in the recent paper [39].
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A New Two-Step Proximal Algorithm of Solving
the Problem of Equilibrium Programming

Sergey I. Lyashko and Vladimir V. Semenov

Dedicated to Boris Polyak on the occasion of his 80th Birthday

Abstract We propose a new iterative two-step proximal algorithm for solving
the problem of equilibrium programming in a Hilbert space. This method is a
result of extension of L.D. Popov’s modification of Arrow-Hurwicz scheme for
approximation of saddle points of convex-concave functions. The convergence
of the algorithm is proved under the assumption that the solution exists and the
bifunction is pseudo-monotone and Lipschitz-type.

Keywords Equilibrium problem e Variational inequality * Two-step proximal
algorithm ¢ Bifunction ¢ Pseudomonotonicity ¢ Lipschitz condition ¢ Conver-
gence

1 Introduction

Throughout this chapter, we assume that H is a real Hilbert space with inner product
(+,+) and norm || - ||. The symbol — denote weak convergence.

Let C be a nonempty closed convex subset of H and F : C x C — R be a
bifunction with F(x,x) = 0 for all x € C. Consider the following equilibrium
problem in the sense of Blum and Oettli [12]:

find x € C suchthat F(x,y)>0 VyecC. (1)

The equilibrium problem (1) (problem of equilibrium programming, Ky Fan
inequality) is very general in the sense that it includes, as special cases, many
applied mathematical models such as: variational inequalities, fixed point problems,
optimization problems, saddle point problems, Nash equilibrium point problems in
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non-cooperative games, complementarity problems, see [3, 5, 6, 10, 12, 14, 17, 25]
and the references therein. This problem is interesting because it allows to unify all
these particular problems in a convenient way. In recent years, many methods have
been proposed for solving equilibrium and related problems [2-10, 14, 16, 26, 28,
32, 35-37]. The solution approximation methods for the equilibrium problem are
often based on the resolvent of equilibrium bifunction (see, for instance [14]) where
at each iterative step a strongly monotone regularization equilibrium problem is
solved. It is also called the proximal point method [16, 18, 20, 26, 37].

The variational inequality problem is a special case of the equilibrium problem.
For solving the variational inequality in Euclidean space, Korpelevich [21] intro-
duced the extragradient method where two metric projections onto feasible sets
must be found at each iterative step. This method was setted in Hilbert spaces by
Nadezhkina and Takahashi [27]. Some extragradient-like algorithms proposed for
solving variational inequality problems can be found in [19, 33, 34, 38]. In 2011, the
authors in [13, 22] have replaced the second projection onto any closed convex set
in the extragradient method by one onto a half-space and proposed the subgradient
extragradient method for variational inequalities in Hilbert spaces, see also [15, 39].

In recent years, the extragradient method has been extended to equilibrium prob-
lems for monotone (more general, pseudomonotone) and Lipschitz-type continuous
bifunctions and studied both theoretically and algorithmically [1, 31, 40]. In this
methods we must solve two strongly convex minimization problems on a closed
convex constrained set at each iterative step. We note that similar methods have
been previously proposed and studied by Antipin [2—4].

In 1980, Russian mathematician Popov [30] introduced very interesting modi-
fication of Arrow-Hurwicz scheme for approximation of saddle points of convex-
concave functions in Euclidean space. Let X and Y are closed convex subset of
Euclidean spaces RY and R?, respectively, and L : X x ¥ — R be a differentiable
convex-concave function. Then, the method [30] approximation of saddle points of
Lon X x Y can be written as

)C],)_Cl GX, y1,5’1 (S Y, A > 0,
Xn+1 = Py (xn - AL/] ()_Cnvyn)) s Ynt+1 = Py (yn + AL/z()_cmyn)) )
Xnt+1 = Px (xn-H - AL/] ()_Cn»)_’n)) s Ynt1 = Py ()’n+l + AL/z()_cnv)_’n)) >

where Py and Py are metric projection onto X and Y, respectively, L] and L) are
partial derivatives. Under some suitable assumptions, Popov proved the convergence
of this method.

In this chapter, we have been motivated and inspired by the results of the authors
in [30, 31], proposed a new two-step proximal algorithm for solving equilibrium
problems. This algorithm is the extension of Popov method [30].

The set of solutions of the equilibrium problem (1) is denoted EP(F, C). Further,
we assume that the solution set EP(F, C) is nonempty.

Here, for solving equilibrium problem (1), we assume that the bifunction F
satisfies the following conditions:
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(Al) F(x,x) =0forallx € C;

(A2) forall x, y € C from F(x,y) > 0 it follows that F(y,x) < 0 (pseudo-
monotonicity);

(A3) forall x € C the function F(x, -) is convex and lower semicontinuous on C;

(A4) forally € C the function F(-, y) is weakly upper semicontinuous on C;

(AS) forall x, y, z € C the next inequality holds

F(x,y) < F(x,2) + F(z,y) +alx—z|* + b |z —y|*,

where a, b are positive constants (Lipschitz-type continuity);
(A6) for all bounded sequences (x,), (y,) from C we have

X = yull > 0 = F(xy,y,) — 0.

It is easy to show that under the assumptions (A1)-(A4), we have
xe€EP(F,C) & =xeC: F(y,x)<0 VyeC.

In particular, the set EP(F, C) is convex and closed (see, for instance [31]).

The hypothesis (AS) was introduced by Mastroeni [25]. It is necessary to imply
the convergence of the auxiliary principle method for equilibrium problems. For
example, the bifunction F(x,y) = (Ax,y — x) with k-Lipschitz operator A : C — H
satisfies (AS). Actually,

F(xvy) - F(X,Z) _F(Zvy) = (Ax’y —)C) - (AX,Z _x) - (Az,y _Z) =
= Ax—Az,y—2) < [|[Ax—Az| |y —zl = kllx—z| lly —zll =
k 2k 2
< ~ - - - .
<3 lx=alP + S Iy =l
This implies that F satisfies the condition (AS) witha = b = k/2.

The condition (A6) is satisfied by bifunction F(x,y) = (Ax, y—x) with Lipschitz
operator A : C — H.

2 The Algorithm

Let g : H - R U {400} be a convex, lower semicontinuous, and proper. The
proximity operator of a function g is the operator prox, : H — domg € H (dom g
denotes the effective domain of g) which maps every x € H to the unique minimizer
of the function g + || - —x||?/2, i.e.,

. 1
Vx € H Pprox,x = argmingegom, 380 + §||y —x|%¢ .



318 S.I. Lyashko and V.V. Semenov

We have
z=prox,x < g(y)—g@+@E—xy—2z =0 Vyecdomg.

Proximity operators have attractive properties that make them particularly well
suited for iterative minimization algorithms. For instance, prox, is firmly nonex-
pansive and its fixed point set is precisely the set of minimizers of g. For detailed
accounts of the proximity operators theory, see [11].

Now we extend the Popov method [30] to an equilibrium problem (1). In
Algorithm 1 we are going to describe, in order to be able to obtain its convergence,
the parameter A must satisfy some condition (see convergence Theorem 1).

Algorithm 1. For x;, y; € C generate the sequences x,, y, € C with the
iterative scheme

Xn+1 = PIOX) gy, ) *n = argminyEC {AF(Yna)’) + %H}’ —xn||2} )
Yn+1 = PIOX} p(y, ) ¥n+1 = argminyEC {AF(ym y) + %”)’ — Xn+1 ”2} )

where A > 0.

Extragradient method for the equilibrium problem (1) has the form

Yn = prOXAF(X”“)xn,
Xp+1 = pI‘OXAF(ym,)xn,

where A > 0 [31]. A distinctive and attractive feature of the Algorithm 1 consists in
the fact that in the iterative step is used only one function F(y,, -).

Remark 1. If F(x,y) = (Ax,y — x), then Algorithm 1 takes the form:

x1€C, yyeC,
Xn+1 = PC(xn - AAyn)a
Ynt+1 = PC(x11+l - A'Ayn)’

where P is the operator of metric projection onto the set C.

A particular case of the scheme from the Remark 1 was proposed by Popov
[30] for search of saddle points of convex-concave functions, which are defined on
finite-dimensional Euclidean space. In recent works Malitsky and Semenov [23, 24]
proved the convergence of this algorithm for variational inequalities with monotone
and Lipschitz operators in infinite-dimensional Hilbert space, and proposed some
modifications of this algorithm.
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For substantiation of the iterative Algorithm 1 we note first, that if for some
number n € N next equalities are satisfied

Xnt1 = Xp = Yn ()
than y, € EP(F, C) and the following stationarity condition holds
Ve =Xk =Y Yk=n
Actually, the equality
Xn+1 = PIOX; (y, Xn
means that

(Xnt1 = X0, Y — Xng1)

F(Yn»y) _F(ananrl) + R

>0 VyeC.

From (2) it follows that
F(y,,y) >0 VyeC,
ie.y, € EP(F,C).

Taking this into account the practical variant of the Algorithm 1 can be written
as

Algorithm 2. Choose x; € C,y; € C, A > 0,and ¢ > 0.
Step 1.  For x, and y, compute
Xn1 = PIOX) (3 %n-
Step 2. If max {||x,+1 — Xull, [[yn — Xxl|} < &, then STOP, else compute
Yn+1 = PIOX) p(y, ) *n+1-

Step 3. Setn:=n+ 1 and go to Step 1.

Further, we assume that for all numbers n € N the condition (2) doesn’t hold. In
the following section the weak convergence of the sequences (x,), (v,) generated by
the Algorithm 1 is proved.
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3 Convergence Results

To prove the convergence we need next facts.

Lemma 1. Let non-negative sequences (a,), (b,) such that
ap+1 = Ay — b,.

Then exists the limit lim,—oc a, € Rand Y o b, < +o0.

Lemma 2 (Opial [29]). Let the sequence (x,) of elements from Hilbert space H

converges weakly to x € H. Then for all y € H \ {x} we have

liminf || x, — x|| < liminf|x, — y||.
n—>oo n—>oo

We start the analysis of the convergence with the proof of important inequality

for sequences (x,) and (y,), generated by the Algorithm 1.

Lemma 3. Let sequences (x,), (y,) be generated by the Algorithm 1, and let 7 €

EP(F, C). Then, we have

%041 = zlI” < [lxw — 2> = (1 = 246) 1 — vl —

— (1= 42a) lyn — x> + 42 |5, — yoi1 |-
Proof. We have

%01 — Z||2 = |lx, — Z||2 — [I%n — Xn41 ||2 + 2 (X1 — Xns Xpt1 —2) =

2 2 2
= ”-xn - Z” - ”xn _yn” - ”yn _xn-l-l” -

-2 (xn —YusYn _-xn-i-l) + 2(-xn+1 — Xn, Xn+1 — Z) .

From the definition of points x,,4+; and y, it follows that

AF(}’n,Z) —AF()’n,XnH) 2 (xn-i-] — Xns Xn+1 _Z)7
AF()’n—lsxn+l) - AJr(yn—layn) 2 _(xn —YnsYn _xn+l)‘

Using inequalities (5), (6) to estimate inner products in (4), we get

2 2 2 2
1 = 2l1™ = [lxe = 21" = [0 = yull” = llyn = X1 [|” +

+2A {F()JmZ) _F(ynv-xn-i-l) +F(yn—lv-xn+1) _F(Yn—lsyn)}-

From pseudomonotonicity of the bifunction F and z € EP(F, C) it follows that

F(YmZ) E O’

3)

“4)

®)
(6)

)
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and Lipschitz-type continuity F guaranties the satisfying of inequality

—Fn, Xp1) + FOu—15 Xn11) — FOn—1,yn) <
<a ”yn—l _))n”2 +b ”yn _)‘7114-1”2 .

Using the above estimations (7), we get

2 2 2 2
1 = 2017 < {1 = 201" =[x = yall™ = lyn = X I +

+2a [yn-t = yull® + 220 |lyn — 241 |
The term ||y,—; — y,||* we estimate in the next way
1yn—1 = Yall* < 2 lyn-1 = xall> + 2 [y — xall* -
Taking this into account (8), we get the inequality

2 2 2 2
1 = 2l1* = [1xe = 21" = 260 = yull® = llyn = X1 [|” +

+4Aa ”ynfl _Xn”2 + 4da ”yn - xn”2 + 2Ab ”yn — Xn+1 “2 s

i.e. the inequality (3).

321

@®)

ad

Proceed directly to proof of the convergence of the algorithm. Let z € EP(F, C).

Assume

an = ||x, — Z||2 +4ra||y,—1 _Xn”2 )

by = (1 —42a) Iy, — x| + (1 — 4ha — 24b) ||y, — st || -

Then inequality (3) takes form
ap+1 = Ay — bn~

The following condition are required

1

0<A<—m.
2(2a + b)

Then from Lemma 1 we can conclude that exists the limit
. 2 2
tim (I, — 2l + 42 a1 — )
n—>00

and

oo

> (1= 420) vy = x> + (1= 42a = 226) |1y, = 2011 ) < +oc.

n=1
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Whence we obtain
im [y — %l = Hm v, =Xl = lim [, — x| = 0 ©)
n—00 n—00 n—00
and convergence of the sequence (||x, — z||) for all z € EP(F, C). In particular,
sequences (x,), (y,) are bounded.
Now we consider the subsequence (x,,), which converges weakly to the point

z € C. Then from (9) it follows that y,, — z. Show that z € EP(F, C). We have

(Fnp 1 = Xns Xng1 —Y)
A

Fn,y) = F(Yns Xnt1) + Vy e C. (10)
Passing to the limit (10) taking into account (9) and conditions (A4), (A6), we get
F(Z’ y) = limsupF(ynkvy) > lim {F(Ynk»xnk+1)+
k—o00 k=00

(xnk—i-l — Xy X 4+1 — y)

A

=0 VyeC,

ie.z€ EP(F,C).

Now we show that x, — Zz. Then from (9) it follows that y, — z. Assume the
converse. Let exists the subsequence (x,, ) such that x,,, — Z and Z # Zz. It is clear
that 7 € EP(F, C). Use the Lemma 2 twice. We have

lim o, =z = lim [, —z[| < lim [x, —Zz[| = lim_|x, =2 =
n—00 —>00 k—00 n—o00

= lm [lx, —Z2l| < lim [, —z[ = lim |x, —Z],
k—00 k—o00 n—>00

it is impossible. So, sequence (x;,) converges weakly to z € EP(F, C).
Thus, we obtain the following result.

Theorem 1. Let H be a Hilbert space, C € H is nonempty convex closed set, for
bifunction F : C x C — R conditions (Al)—(A6) are satisfied and EP(F,C) #
@. Assume that A € (0, m) Then sequences (x,), (v,) generated by the
Algorithm 1 converge weakly to the solution 7 € EP(F,C) of the equilibrium
problem (1), and lim,_,  ||x, — yu|| = O.

Remark 2. The asymptotics lim, oo ||[X, — yul| = O can be specified up to the
following:

lim inf +/n||x, — yu|| = 0. (11)
n—>0o0

Indeed, if (11) does not hold, then ||x, — y,|| > un~'/? for some & > 0 and all
sufficiently large n. Hence, the series Y ||x, — y,||* diverges. We have obtained an
contradiction.
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4 Conclusion and Future Work

In this work we have proposed a new iterative two-step proximal algorithm for
solving the equilibrium programming problem in the Hilbert space. The method
is the extension of Popov’s modification [30] for Arrow-Hurwitz scheme for search
of saddle points of convex-concave functions. The convergence of the algorithm is
proved under the assumption that the solution exists and the bifunction is pseudo-
monotone and Lipschitz-type.

In one of a forthcoming work we’ll consider the next regularized variant of the
algorithm that converges strongly

Xpt1 = PrOX; p(y, o (1 — 0t) X,
Ynt1 = ProXy gy, o (1= 0t 1) Xng1,

where A > 0, («,) is infinitesimal sequence of positive numbers. Also we plan to
study the variant of the method using Bregman’s distance instead of Euclidean.
The interesting question is the substantiation of using Algorithm 1 as the element
of an iterative method for equilibrium problem with a priori information, described
in the form of inclusion to the fixed points set of quasi-nonexpansive operator.
Another promising area is the development of Algorithm 1 variants for solving
stochastic equilibrium problems.
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Nonparametric Ellipsoidal Approximation
of Compact Sets of Random Points

Sergey I. Lyashko, Dmitry A. Klyushin, Vladimir V. Semenoyv,
Maryna V. Prysiazhna, and Maksym P. Shlykov

Abstract One of the main problems of stochastic control theory is the estimation of
attainability sets, or information sets. The most popular and natural approximations
of such sets are ellipsoids. B.T. Polyak and his disciples use two kinds of ellipsoids
covering a set of points—minimal volume ellipsoids and minimal trace ellipsoids.
We propose a way to construct an ellipsoidal approximation of an attainability
set using nonparametric estimations. These ellipsoids can be considered as an
approximation of minimal volume ellipsoids and minimal trace ellipsoids. Their
significance level depends only on the number of points and only one point from
the set lays on a bound of such ellipsoid. This unique feature allows to construct a
statistical depth function, rank multivariate samples and identify extreme points.
Such ellipsoids in combination with traditional methods of estimation allow to
increase accuracy of outer ellipsoidal approximations and estimate the probability
of attaining a target set of states.

Keywords Ellipsoidal approximation ¢ Attainability set * Information set * Non-
parametric estimation * Extreme point * Confidence ellipse

1 Introduction

Ellipsoidal estimation of parameters and states of systems is one of the most popular
tools [1]. In many problems the volume or trace of an ellipsoid are used as an
optimality criteria [2]. However, if the initial states of a system are random it is
more natural to use some confidence ellipsoids that contain the initial states and
have required statistical properties. This problem is closely related with the problem
of detection of outliers in random sets and ordering random points.

The problem of determining the initial ellipsoid may be reduced to the ordering
of multidimensional random samples. The standard systematization of methods
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of multidimensional ordering was suggested by Barnett [3]. According to this
approach, methods of multidimensional ordering are subdivided on marginal,
reduced, partial and conditional. Marginal methods order samples by separate
components. The reduced methods calculate distance of each samples from dis-
tribution center. Partial ordering means the subdividing of samples into groups of
identical samples. In conditional methods ordering of samples with respect to the
chosen component influencing the others is made.

Now, the most popular approach to the multidimensional ordering is the approach
based on the concept of a statistical depth of samples concerning distribution center
and corresponding peeling methods. These methods were proposed by Tukey [4],
Titterington [5], Oja [6], Liu [7], Zuo and Serfling [8] and others authors. They
allow to consider geometrical properties of multidimensional distributions. We offer
a new method of ordering multidimensional data based on Petunin’s ellipses and
ellipsoids [9]. Note that unlike the method proposed in [10], this method does not
mean peeling, i.e. performance of the repeating iterations of the same procedure
applied to the decreasing set of points, and it orders all points at once.

Without loss of generality, we will consider the algorithm of construction of
Petunin’s ellipse at a plane, and then we will go to R™, where m > 2. The initial
data for the algorithm is a set of points M,, = {x, ..., X,}, where X, = (X, y,).

2 Petunin’s Ellipses

At the first stage, we search for the most distant points (xy, yx) and (x;, y;) in the set

Mn = {(xlvyl)“'”(xnvyn)}'

Then, we connect the points (xg,yx) and (x;,y;) by the line segment L. Next, we
search for the points (x,, y,) and (xq, yq), which are most distant from L. Further, we
connect the points (x,, y,) and (xq, yq) by the segments L; and L,, which are parallel
to L. Then, we connect the points (xx, y) and (x;, y;) by the line segments L3 and Ly,
which are perpendicular to the line segment L. Intersections of the line segment L,
L, L3, and L, form a rectangle IT with the side length a and b (Fig. 1).

For definiteness, put a < b. Transport the left lower corner of the rectangle to
the origin of a new system of axes Ox’ and Oy’ using the rotation and parallel
translation. The points (x1,y1), (x2,¥2), ..., (X4.ys) become the points (x],y}),
(%5.%5) + -, (¥}, ¥}). Map the points (x],y}), (x5.¥5). ..., (x].y,) to the points
(x| ), (axh.¥y) . ... (ax).y,), where @ = £. As a result, we have the set of
points covered by the square S.

Find the center (xé), y’o) of the square S and distances rq, 75, ..., r, between the
center and every points (ax],y]), (x}.5). ..., (ex,.y,). The greatest number
R = max (ry,ra,...,r,) defines the circle with the center at the point (x), y,) with
radius R. Finally, all the points (cx}.y;), (ex}. ;). ..., (ax),y,) are laying in
the circle with the radius R. Stretching this circle along the Ox’ with the coefficient
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Fig. 1 The Petunin’s rectangle
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Fig. 2 Construction of Petunin’s ellipse
B = é and using inverse transformations of rotation and parallel translation we

obtain a Petunin’s ellipse (Fig. 2).

As a result, only one point from the sample is located on every embedded
ellipsoid, so we arrange them (Fig. 3).
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Fig. 3 Embedded Petunin’s
ellipses

3 Classic Method of Construction of Petunin’s Ellipsoids

For clarity, let us consider the case R*. The construction of the ellipsoid containing
the set M in R® is performed in the following way. As in the case of a plane, at
the first stage we select the pair of points X; and X; with maximal distance. Let
a= [X,-, X]] is the diameter of the set M. Pass through the ends of the segment a two
planes B and y, which are perpendicular to the segment a. Consider the orthogonal
projection of the set M at the plane 8 and denote this set by Mg. Then, with the
help of the method described above we construct the rectangle /Tg on the plane
containing the set Mg, whose side is parallel to this diameter. The rectangle I1g and
the segment a determine the parallelepiped IT = [1g X a containing the set M. Then,
we compress the space in the direction, which is parallel to the segment a so that the
parallelepiped I1 transforms to the cube K. At the next stage, we construct the ball
C with minimal radius and the center at the point O, which is an intersection of the
diagonals of the cube K containing the transformed compressed set M. At the final
stage, using the inverse transformation (extension) of the space we transform the
cube K into the parallelepiped /7 and obtain from the ball C the desired ellipsoid E.

4 Statistical Properties of Petunin’s Ellipsoids

Let G = (M,F) , M C R be the population of random variables with an unknown
distribution function F. The bulk of population G is a subset B € M such that
P{x € B} = 1 — «, where x as an arbitrary element from the sample retrieved
from the population G using simple sampling, and « is given significance level
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(for example, ¢ = 0,05 ). If sample values x;, x5, .. ., x, are exchangeable random
variables with the same absolutely continuous distribution function, that according
to Hill’s assumption [11],

j—i
n+1’

P(xn_H =Xx€ (X(i),)C(j))) =
where x,,11 is the next sample value from G, and x(;) and x;, are order statistics. The
following facts take place [10].

Theorem 1. If 1y, n2, ..., Nyt are exchangeable identically distributed random
variables with absolutely continuous joint distribution function, such that

P = nwj =0
fork # m, then

1
P = Mise oo s M = Mi—1 Mk = M1, - -5 Mk = Mk 1) = ——.
n+1
Proof. Let Fy (x1,x2, ...x;) be the joint distribution function of any k values from
M,N2, ..., Nut1. Forany k = 1,2,...,n+ 1 we have:

P =i, e = M1, Mk = it -+ M = M1 =

= [P0 X2 X > Mgt s X Nt /T = X3S (X) d,
R!

where f (x) = F’ (x) is the probability density of one random value.
Note that

PX=mi, o X2 ety X 2 Mol oy X 2 Nt /e = X} =
lim P> 01, X 2 M1, X 2 M1, ey X2 Mg 1, X — € < T}
£—0 P{x—¢e <}

. Fop1 (6,x, . .0,x,x) — Fpgp (6,x, ..., x,x— &)
= lim
e—0 Fx)—F(x—¢)
(Fag1 Co,x, o0, x,%) — Frp (X, 00, 6,0 — 8))/8
e—0 (F(x)—F(x— 8))/(9

n
9 —N—
a_yFn+1 (x, - ,x,y)

f®)
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P{nk = 1,

S Z M1 Mk = Mkl - Tk 2 Mk 1) =
=/ %Fn+1 (x,...x,y)dx.
Rl
Thus, the valuesf %F,,H (x,...x,y)areequal fork = 1,2,...,n+1. The event
Rl
M= M5 o 0 Me = N1, M = Nieg 1, -

s Mk = Np+1} means that a random variable
attains the greatest value. These events form a complete group, i.e.
n+1

D P e Z Mt e Z Mk T 2 Mg} =
k=1

d
(n+ 1)[ —Fut1 (x,...x,y)dx = 1.
dy
R!
Thus,

P{ne = n1,

sk Z Mie—15 Mk = Nie+1, -
Theorem 2. Ifn, n,

1
- Nk > nn—i-l} =

n+1
, Nu+1 are exchangeable random variables with absolutely
continuous distribution function such that P {le = 17(,-)}

= 0 for k # m, and

NmNQ) - - - Nw is a variational series constructed on the first n values, then

1

P i1 € (nG) g = .
{ner € (o mgnl} = =
Proof. Divide the half-interval (7, n¢+1)] into intervals:

P{nny1 € (0G)- 1G4 ]} = P{0nt1 > 0¢ys a1 =
= P{nur1 € (G)-1G+1)} + P{0nt1 = 0y} =
= Z P{"]n+1 > Niys

i1,02,.000n

’7(i+1)} =

s M1 = Nips M1 < Nijgys

Mt < Tlin}
The first term contains C{l terms, i.e. all the combinations {iy, i,
numbers {1, 2, ..., n} such that j values among 7, 15,
have that

..., iny of the
.., Ny are less that ,4 , and
other values n — j are not less than 7,1 . Using inclusion-elimination principle we
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P {01 € (ng) ng+n ]} =

= ) P UMt > Moo Mkt > Migs Makd = Mgy oo Mk 1 = My ¢ =
01,0240000n
B Ay An—j
n—j
k
Z Z(_l) Z P{nn-‘rl > Nigyevos Nutb1 > 77Sk}-
i1,02,....Ip k=0 {51.52,....5k}C

SUISEAE.Y

Since the distribution function F is absolutely continuous on the interval
(16). Ng+1)), by Theorem 1 we have

Pt € (ng). ng+n ]} =

n—j
1
Yy ¥ -
1.i20msin k=0 e TR
STASHASI
=i 1
k ~k ik g
Z( 1) n—] +k+l Z: 1) Cn—]/tl dt =
0

1
= C{,[tf(l —0)"Vdt =
0

n—,

1

=] / Z (—DFCE_ .
k=0

It follows from the definition of the beta function that

P {1 € (ng.ng+n]} = CB G+ Ln—j+1) =
_ oG+ re—j+n _
" I'n+2)
jj!(n—j)! _ n jln—=HY 1
"mHED! = m+D n+1

Corollary 1. It follows from Theorem 2 that

j—i
n+1
V0i < jn + 1, whereny = —00, 41 = +00.

P {nut1 € (0> 1))} =



334 S.I. Lyashko et al.

Proof. 1t is easy to see that

P{mns1 € (n-np)} = P € [x, Xa41) - [¥G-1.%9)} =
= P{ﬂn+1 € [fi(i), 77(i+1))} +...+ P{’In+1 € [77(/—1)’ ’h/))} = z{+11~

Lemma 1. If two random values X, = (n},n.....n}) and xo = (03, n3,....n2),
have the same probability density fg, then for any point Xy = (x(l), xg, . ,xg) the

Euclidean distanced ry = \/(r;{ —)c(l))2 + (n —xg)2 + ...+ (n} —)62)2 and r, =

\/(nf - x(l))2 + (n3 — xg)2 + ..+ (- x2)2 are identically distributed random
variables.

Proof. Let us construct the distribution function for random variable r; = r(xy).
F,, (x) = P{rix}.For x < 0O the probability is zero O since r| is the a nonnegative
value. Consider the case x0:

Pirxl = P { o =7+ (=20 + .+ (1) —0)’

The domain for which

Ot =202+ (=) + .+ () —x0)x

is a ball in n-dimensional space centered at X, with radius x. Denote this domain by
By. Then

P{F]X} =P{X1 € 0;0} = /fG(ll,tz,...,tn)dtldtz...dln.
By

So, we have shown that the distribution function of the random variable | has
the form:

0, x<0,
Fry ) =1 [fo(t.tar... 1) ddty ... dty, x > x0
By

Since the random vectors X; and X, have the same probability density, repeating
the arguments for r, we obtain:

0, x<0,
Fr ) = [fo(tita,... 1) dtydry ... dty, x > X0,
Bo
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In other words,
Fy(x) =F, (),

This means that 7| and r, are identically distributed random variables.

Theorem 3. If the vectors Xi,Xa,...,X, are exchangeable and identically dis-

tributed random variables from population G, E, is Petunin’s ellipsoid containing
. —

the point X1,Xy, ..., X, and X .41 € G, then

n

P(x,.1 € E,) = .
(Xn+1 ) ntl

Proof. After affine transformations, distribution functions of all random vectors
change equally. Respectively, x|, X}, ...,x], also are identically distributed random
variables from G’, which contains the points transformed by the same transforma-
tion, including 7; +1- Therefore, the points X}, Xj, ..., X;, remain exchangeable. By
Lemma 1, the random variables ry, 5, . .., r, are identically distributed. Since their
order depends only on the order of exchangeable points X|,X5,...,X], then they
are exchangeable also. If to calculate the distance r,4; to the center 7,,+1 of the
hypercube, then by Theorem 2

n
P(ros1 <71(m) = P P(X,41 € E,).

Corollary 2. The significance level of Petunin’s ellipsoid no greater than 0,05, is
attained for n > 39.

Corollary 3. Since the point Xy = (x(l],xg, e xo) is an arbitrary, the both the

>n
square center and centroid of the point set can be taker as the starting point.

The described algorithm have several special features:

1. Only one point always is located on the ellipsoid boundary.

2. The ellipsoid contains n points with the probability - independently from the
distribution function.

3. It is always possible to limit the point set by 40 samples, guaranteeing that the
significance level is no greater than 0.05.

5 Effective Method of Construction of Petunin’s Ellipsoids

In this section we describe the modification of the classical algorithm for an arbitrary
finite-dimensional space. Note, that the main goal of the classical algorithm is to
construct a linear transformation that at each step maps diameter vectors to axes.
All we have to do after that is to make scaling and to find the most distant point
from the center of a hypercube. Our goal is to describe the construction of the linear



336 S.I. Lyashko et al.

transformation introduced above. Assume that we do not perform rotation at each
step, but only make projections and translations. This means that we have all the
diameters of sets. By construction, these diameters form an orthogonal system. Let
us normalize it and denote by B,, = {71 VAo, ... ,_a)m}.

Then, we must find an unitary transformation that maps this orthonormalized
system to basis. This problem becomes trivial after taking into account the fact that
the inverse transformation maps basis vectors to our system. Thus, we know the
matrix of the inverse transformation:

U™ = (d\[ds]...[dw)
or, equivalently,
U= (d[dsl...[dm"
Another convenient fact about unitary operators is U~! = U”, which means that

the only thing to make for finding the inverse transformation is transposition. Our
next goal is to simplify the process of moving to the space of lower dimension and
make only one translation. Consider the first step of the algorithm for that. Let we
found the diameter vectors of our input set (denote them by 7k and _x)z).

As we do not make a rotation and translation, we must project our points onto the
affine subspace X y+L . Here L is an orthogonal complement of a line determined by
7k — 71. In fact it is a hyperplane which contains YZ and is orthogonal to 7k — 71.

Denote the points obtained after projection by MY = {Xl(-l), i=1,n—1}1Ttis
worth to say that after projection the number of points will decrease by one, because
the projection of X; is %] by construction. Then, we show that on the next steps we
do not have to move to the spaces with lower dimension. Instead, it is enough to
perform projection onto the hyperplane that is orthogonal to the diameter of the
corresponding set. Let at some step we have My = {xgk) ,i = 1,n — k}—the set of
points in R™ that lie in some affine subspace y + L;, whose dimension is p.

Assume that we found the diameter of this set and it equals to xl(k) —x* and

consider the hyperplane that is orthogonal to this vector and contains xfk). Its
equation looks as follows:

k) _ (k))

k k
(%, X, X, ) _ x,( )).

k
= (X; )7X[

The projection operator for this hyperplane is:

Px =x

(k) (k) (k) LK) (k)
XX, —X )—(x.X —X
_(xx i) 1 X ) Xl(k) —x%),

k k
[IxfY —x{M]2

As x,(k) liesin Ly we havey+L;| = x}k) + L;. This implies that x = ?fk) +y,y€
Ll and

Px=x—a(x’ —x") = 7P +y—ax” —x),
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where

(k) (k)) ( (k Xt(k))

_ (x,xl
k (k
[Ix{? — x{ >||2

Also we know that oe(x?k) - xl(k)) € L; and this implies that Px € ?,(k) + L. At
the same time, by the definition of projection Px belongs to the hyperplane (x, x}k) —
x,(k) ) = (xgk), ng) xgk)) which is also an affine subspace. Thus, the projections of
our points will lie at the intersection of two affine subspaces one of which is our
hyperplane. Denote it by x(k) + L, where L, is a (m — 1)- dimensional subspace.
The intersection of these affine subspaces is affine subspace x + L; N L,. At the

same the fact that x(k) (k) is orthogonal to L, means that L; + L, = R™. To find
the dimension of L; N L, cons1der the Grassmann’s formula for our subspaces:

m=m—1+4+p—dimL; NL,
and we have
dlle mLz =p—1.

Knowing this, we can perform projection onto the hyperplane which is orthogo-
nal to the diameter and contains one of its points. But in fact the dimension of the
affine subspace, which contains our projected points will decrease. In the original
algorithm we move to the orthogonal complement instead of this. Finally, we have
the following algorithm:

Input data: M,, = {xq, .. .,X,}—vectors from R"™

Algorithm

1. MO < M,,B=0,k=0.
2. While k < m do:

2.1. Find x (k) and ¥ ¥ —the diameter points of M®

x;k) ;k)

2.3. M*HD PLM,(/‘), where L is a hyperplane (x, ng) —x®y = xW, ng)
(k)
X; ).

24, k< k+1.

»

Build matrix U whose columns are the vectors of B.

M, < U™M,.

5. Find minimal axis-aligned bounding box for the points of M;,. Denote by c the
center of this bounding box.

6. Build scaling transformation S which maps this bounding box into hypercube.

7. M <~ SM ¢ < Sc;

n?

R



338 S.I. Lyashko et al.

8. R < max {||x— ¢|l.xe M,;,}.
9. E <« %1, where I is a unit matrix of size m.
10. E < USTESUT, ¢ < Uc.

Output data: E is the matrix of our ellipsoid, c is its center.

The only constraint for the application of our algorithm is that the ellipsoid must
exist and be non-degenerate. In other words, there must not exist a subspace of the
input space R™ that contains the input set of points. At each step of both algorithms
we are computing the diameter of a finite set of points. This procedure requires
O(mn(n — k)) operations for the corresponding step k. After that we project our set
to the affine subspace. The complexity of this operation is O(m(n — k)). As we have
to make it m times the total complexity of all projections and diameters searches
will be

T = Tgiameter + Tprojection =0 (Z(mn(n - k) + m(n - k))) = 0(m2n2 + mZn)
k=1

After that we provide linear transformations of the input sample which take

_ 2
Tlinear transformation — O(m n)

Another step we perform is the search of the most distant point from the center
of rectangle. This operation has complexity O(mn) and we won’t include it to the
result as it will be absorbed by other summands of our estimation. But we also
have the last step of our algorithm which computes matrices product. This action’s
complexity is

_ 3
Tmatrices multiplication — O(m )

Summing all the parts of our algorithm we will obtain
T = T1 + Ty ion + Tnarri plication = O(m*n* + m’n + m’)
total — 11 linear transformation matrices multiplication — mn mn m

This result may be improved for two- and three-dimensional spaces with convex
hull construction. We may build a convex hull for our set and perform search
on its vertices. Asymptotically this algorithm will require O(nlgn + z(z — 1)/2)
operations, where z is the number of vertices of the convex hull. In the worst case
the complexity of the whole algorithm will be the same, but for most samples the
number of vertices in convex hull is small in comparison with the sample size. This
means that the complexity for such samples will be O(n1gn).

Memory complexity of our algorithm will be O(mn + m?*) as we need to keep
the input sample, projected sample (it changes at each step), the matrices for our
ellipsoid and transformations.
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Table 1 Comparison results

’ . Original algorithm | Modified algorithm
for two and three dimensions

R? 1 2,0082
R} 1,9951 2,9404

We compared original and modified algorithms in two- and three-dimensional
spaces. Both of them were implemented in R programming language. There were
generated 100 samples of 200 vectors each. All the vectors were from Gaussian
multivariate distribution with the same covariance matrix. Every sample consisted
of two groups of 100 vectors each with different mean vectors. For each algorithm
the total time of its work on all the 100 samples was computed. Taking as a unit
the time of work for original algorithm in two-dimensional space the results of our
comparison are displayed in Table 1. It is worth saying that for three-dimensional
space after the first projection in the original algorithm we obtain the case m=2. This
means that after rotation we can use the algorithm for m=2 and build the bounding
box after that. It has been taken into account while implementing the original
algorithm. This optimization decreases the number of diameters search by one and
we have to perform them m — 1 times. At the same time the modified algorithm
performs diameters search m times. All the other actions made by algorithms are
analogous. Thus the ratio between the times of work of the two algorithms on the
same data sets must be close to (m — 1)/m.

6 Conclusion

The proposed ellipsoidal approximation of an attainability set using nonparametric
estimations may be considered as an adequate approximation of minimal volume
ellipsoids and minimal trace ellipsoids. Its significance level depends only on the
number of points and only one point from the set lays at the bound of such ellipsoid.
This unique feature allows to construct a statistical depth function, order multivari-
ate vectors and identify outliers. As a result, it is possible to increase accuracy of
outer ellipsoidal approximations and estimate the probability of attaining a target
set of states.

References

1. Polyak B.T., Nazin S.A., Durieub C., Walterc E.: Ellipsoidal parameter or state estimation
under model uncertainty. Automatica 40, 1171-1179 (2004)

2. Kiselev, O.N., Polyak, B.T.: Ellipsoidal estimation based on a generalized criterion. Remote
Control 52, 1281-1292 (1991)

3. Barnett, V.: The ordering of multivariate data. J. R. Stat. Soc. Ser. A (General) 139, 318-355
(1976)



340

10.

11.

S.I. Lyashko et al.

. Tukey, J.W.: Mathematics and the picturing of data. In: Proceedings of the International

Congress of Mathematicians, pp. 523-531. Montreal, Canada (1975)

. Titterington, D.M.: Estimation of correlation coefficients by ellipsoidal trimming. Appl. Stat.

27,227-234 (1978)

. Oja, H.: Descriptive statistics for multivariate distributions. Stat. Probab. Lett. 1, 327-332

(1983)

. Liu, R.J.: On a notion of data depth based on random simplices. Ann. Stat. 18, 405—414 (1990)
. Zuo, Y., Serfling, R.: General notions of statistical depth function. Ann. Stat. 28, 461482

(2000)

. Petunin, Yu.I., Rublev, B.V.: Pattern recognition with the help quadratic discriminant function.

J. Math. Sci. 97, 3959-3967 (1999)

Lyashko, S.I., Klyushin, D.A., Alexeenko, V.V.: Multivariate ranking using elliptical peeling.
Cybern. Syst. Anal. 49, 511-516 (2013)

Hill, B.: Posteriori distribution of percentiles: Bayes’ theorem for sampling from a population.
J. Am. Stat. Assoc. 63:677-691 (1968).



Extremal Results for Algebraic Linear
Interval Systems

Daniel N. Mohsenizadeh, Vilma A. Oliveira, Lee H. Keel,
and Shankar P. Bhattacharyya

Abstract This chapter explores some important characteristics of algebraic linear
systems containing interval parameters. Applying the Cramer’s rule, a parametrized
solution of a linear system can be expressed as the ratio of two determinants. We
show that these determinants can be expanded as multivariate polynomial functions
of the parameters. In many practical problems, the parameters in the system
characteristic matrix appear with rank one, resulting in a rational multilinear form
for the parametrized solutions. These rational multilinear functions are monotonic
with respect to each parameter. This monotonic characteristic plays an important
role in the analysis and design of algebraic linear interval systems in which
the parameters appear with rank one. In particular, the extremal values of the
parametrized solutions over the box of interval parameters occur at the vertices of
the box.

Keywords Algebraic linear interval systems ¢ Parametrized solutions ¢ Extremal
results

1 Introduction

Linear interval systems arise in many branches of science and engineering, such
as control systems, communications, economics, sociology, and genomics. The
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problem of analyzing and designing linear interval systems has theoretical and
practical importance and has been open for the last few decades. Several results
concerning the analysis of systems with real parametric interval can be found in
the early works in [1, 4, 6, 12—14, 16]. In [19], a method is proposed to calculate
the exact bounds of the solution set which is based on solving special boundary
problems of the linear interval system. The bounds of the solution set can be
obtained by applying a linear programming algorithm as explained in [15], and
followed up in [7], while a branch-and-bound scheme is presented in [20]. The
results developed in [18] can be used to obtain outer estimations of parametric
AE solution sets for linear systems with interval parameters. The sign-definite
decomposition method can be used to decide the robust positivity (or negativity)
of a polynomial over a box of interval parameters by evaluating the sign of
the decomposed polynomials at the vertices of the box [2, 5, 8]. This chapter
concentrates on the class of algebraic linear systems containing interval parameters
and takes a novel approach to determine the exact extremal values of the solution set
over a box in the parameter space. We show that this can be accomplished by finding
the general functional form of the solution set in terms of the interval parameters and
then using its properties. Furthermore, in the case of unknown linear systems, these
properties allow us to determine the unknown parameters of the function by a small
set of measurements made on the system.

A parametrized solution of a linear system containing parameters can be
expressed as the ratio of two determinants. These determinants can be expanded as
polynomial functions of the parameters, resulting in a rational polynomial form for
the parametrized solutions [3, 9, 11, 17]. If the interval parameters in the system
characteristic matrix appear with rank one, which is the case in many practical
applications, then the rational polynomial form reduces to a rational multilinear
function, being monotonic in each parameter [10]. This monotonic characteristic
leads us to extract the extremal results for linear interval systems. In particular, we
show that if the rank one condition holds, then the extremal values of the solution
set over a box in the parameter space occur at the vertices of that box. This result
enables us to evaluate the performance of a linear interval system over a box of
parameters by checking the respective performance index at the vertices.

This chapter is organized as follows. In Sect.2 we provide some mathematical
preliminaries on the parametrized solutions of linear systems. Section 3 presents
the extremal results for linear systems with interval parameters appearing with rank
one. Section 4 provides some examples. Finally, we summarize with our concluding
remarks in Sect. 5.

2 Linear Systems with Parameters

Consider the linear system
0 =A(p)x + Bu,
y = C(p)x + Du, (1)



Extremal Results for Algebraic Linear Interval Systems 343

where A, x,(p) is the system characteristic matrix, p = [p1,pa2, . .. ,pl]T is the vector
of system parameters, u,x; is the vector of input variables, x,x; is the vector of
system state variables, y,,x; is the vector of system outputs, and B,x, and D, are
system matrices with scalar entries. Let

z:= (x) . (2)
y
then, (1) can be rewritten as

(20 ) () +(5) =) o
—_—— — e ——
A(p) z B

It is clear that JA(p)| = |A(p)]. Let us define

A b; . ;
Tu(p)z(—c(lp(l))) d‘l;),lzl,...,m,jzl,...,}", “4)

with ¢;(p),i = 1,...,m the i-th row of C(p), b;,j = 1,...,r the j-th column of B,
and d;; the corresponding (i, j) element of D. We also define
a(p) == |A(p)l.
Bii(p) = Tj(p)|. ®)
In a linear interval system the parameters p and inputs u vary in intervals. Suppose
that 3 denotes the box of intervals and is characterized as 5 = P x U where
P=1{p:p. <pk Sp,j', k=1,...,1},

U:{u:uffujfu;',jz1,...,r}. (6)

We make the following assumption regarding the system in (3).
Assumption 1. |[A(p)| # 0, Vp € P.

This assumption is true for many physical systems, because if there exists a vector
po € P so that A(pg) becomes a singular matrix, then the vector of system state
variables x will not have a unique value which is not the case for physical systems.
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Theorem 1. For the system described in (1), and under the Assumption 1, the input-
output relationship is

Zﬂl] ) w, i=1,...,m, 7

with Bij(p) and a(p) as defined in (5).

Proof. Let Tj(p) and Bjj(p), fori = 1,...,m,j = 1,...,r, be as defined in (4)
and (5), respectively. Also, let A(p) satisfy the statement of Assumption 1. Applying
the Cramer’s rule to (3) and using the fact that |A(p)| = |A(p)|, the i-th output y; can
be expressed as

< |TU(P)| i
l_; |A(p)| 1,....m, (8)

and the result follows. O

Remark 1. Suppose that p is fixed at p*. Then, the form in (7) states the well-known
Superposition Principle.

The form of the multivariate polynomials (p) and B;;(p) in (7) can be deter-
mined using the following assumption and lemma.

Assumption 2. p appears affinely in A(p) and C(p), that is

A(p) = Ap + p1A1 + prAs + - + piA;, )
Clp) = Co+piCi +p2Co + -+ piCy. (10)

Based on the statement of Assumption 2, Tjj(p) defined in (4) can be written as
Ti(p) = Tyjo + p1 Tyt + --- + piTyp. (11)
Lemma 1. If p appears affinely in A(p), and
rp =rank(Ay), k=1,2,...,1, (12)

then, a(p) = |A(p)| is a multivariate polynomial in p of degree at most ry. in py,
k=1,2,...,1:

T o7
k1 _k: k
Ol(p) = Z tt Z Z aklkz“'k/pllpzz ' "p]l' (13)

k=0 kp=0k; =0

Proof. The proof follows easily from the properties of determinants. O
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Remark 2. The number of coefficients o, x,..k, in (13) is ]_[i:l (rr +1).

Remark 3. Based on the form (9) and the rank conditions (12), we say that p;
appears in A(p) with rank ry.

Applying Lemma 1 to Tj;(p), then B;i(p) = |T;(p)| will be a multivariate
polynomial in p of degree at most r;; in px where

rig = rank(Ty), i=1,....m, j=1,....r k=1,...,L (14)

3 Extremal Results

In many physical systems, the parameters p appear in A(p) with rank one. For
instance, resistors, impedances and dependent sources in an electrical circuit,
mechanical properties of links in a truss structure, pipe resistances in a linear
hydraulic network, and blocks in a control system block diagram, all appear with
rank one in the characteristic matrix A(p) of the system. Likewise, p appears with
rank one in matrices T, i = 1,...,m, j = 1,...,r. Based on this rank condition,
we state the following lemma which is helpful in establishing the extremal results
that will be discussed shortly.

Lemma 2. For the system in (1), if Assumptions 1 and 2 hold, and

rank(Ay) =1, k=1,2,...,1,

rank(Typ) =1, i=1,....m, j=1,....r, k=1,...,], (15)
then, g}i L and a’ L are sign-invariant functions of py and uj, respectively, over P x U
defined in (6).

Proof. Consider y; as a function of p; with p;, t # kfixedatp),anduy;, j=1,...,r
fixed at uj‘. Then,

Z /31]0 + ,szlpk Tg( (16)

= g + 1Pk J

where we used Lemma 1, for the case p = py, to expand the polynomials B;;(p) and
a(p) in (7) according to the rank conditions in (15). Thus,

a i [} -
y 2,3]10{0 ﬂUOO;] 77 (17
api = (cto + a1pi)? -
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which is sign-invariant over p; € [p;, pi7]. Now, if p is fixed at p*, then

by _ By
o PioD), (18)

Ou; a(p*)
which is sign-invariant over u; € [u; , uj+]. This argument is true for each py, k =
1,...,land each u;, j = 1, ..., r. This completes the proof. a

We state the extremal results for linear interval systems as the following theorem.

Theorem 2. Consider the system in (1) under the Assumptions 1 and 2, and the
rank conditions in (15). Suppose that p and u are varying in the box B = P x U,

defined in (6), with v := 2147 vertices, labeled Vi, Vs, -+, V,. Then, the extremal
values of y;, i = 1, ..., m occur at the vertices of B:

min y;(p, u) = min{y;(V1), y:(V2), ..., y:i(Vv)},

p.uUEB

ﬂg’é%(]” u) = max{y;(V1),yi(V2), ..., yi(Vy)}.

Proof. Proof follows immediately from Lemma 2. O

4 Example

4.1 A Linear Interval System

Consider the following linear system

P1 301 —2p1 X1 1
-5 031 2 X 0
0= —2p1 012 4p1 x3 |+ 0| up,
0 —-100 -1 Xs 0
1 —40-3 0 Xs 0
N—— N——
Ap1) x B
X1
X2
yi=(=p10002p) |3 |+_2 u. (19)
N——
— X4 D
C(p1)
X5
N’

X

where p; and u; are varying in the rectangle,

B={(p,u)|l1<p <4 2=<u <3}, (20)
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with vertices:

A=(1,2), B=(13),
C=4,3), D=(42). 1)

Suppose that the extremal values of the output y; over the rectangle 5 are to be
evaluated.

For the above system, Assumptions 1 and 2 hold. The matrix A(p;) in (19) can
be decomposed as

0 301 0 1 000-2
-5 031 2 00000
Ap)=] 0 012 0o |[+]|—-2000 4 |py, (22)
0 —-10 0 —1 00000
1 —40-3 0 00000
Ao Ay
where rank(A;) = 1. The matrix T7;(p;) will be
P1 301 —2p11
-5 031 2 0
—2p1 01 2 4p; 0
T = s 23
1(p1) 0 —100 -1 0 (23)
1 —40-3 0 O
—p1 000 2p 2
which can be written as
0 301 01 1 000-20
-5 031 20 0000 0O
0 012 00 -2000 4 0
Tup)=1{ 4 _100 10| 00000 0| (24)
1 —40-3 0 0 0000 0O
0 000 02 —-1000 2 0
Tiio Tin

with rank(7};;) = 1. Based on these rank conditions, the statement of Theorem 2
can be applied. Thus, setting (p1, ;) to the values corresponding to the vertices
A,B,C,Din (21) and solving (19) for y;, gives

min_y; = 5.5 atvertex A,
p1.u€B

max y; = 9.6 at vertex C. 25)
p1,u1€EB
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Fig. 1 Plot Ofyl(pl, Ml)

Alternatively, using Theorem 1, the function y; (py, ;) can be calculated as

38 4+ 63p;
—u
19 4+ 18p;
which is plotted in Fig. 1 (the rectangle B, defined in (20), is also shown). It can be

easily seen that the extremal values of y; occur at the vertices of B and are the same
as those obtained in (25).

yilpr,u) = 1> (26)

4.2 A Linear DC Circuit

Consider the linear DC circuit shown in Fig.2 where R, R,, ..., Rs are resistors,
V is an independent voltage source, J is an independent current source, and
Vamp.1> Vamp,2 are dependent voltage sources with amplification factors Ki, K>,

respectively. Applying the Kirchhoff’s laws, the governing equations can be written
as

1 -1 -1 0 0 I 00

00 1 10 I 01 v

0o1 0 —1-1 L |=100 (J) 27
R 0 Rz 0 O 1y 10

Ki Ry —R3 K> Rs Is 00

Suppose that R, = 1,R3 = 2,Ry = 5,R; = 3,K; = 1,K;, = 4, and the
resistance R and the sources V and J are the interval parameters varying in the box,

B={R,V.J)|2<R =5 15V<32=<J=<4} (28)
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Vamp,1: KlIl
RS lls
- N\+
Vamp,2: Koly
Fig. 2 A linear DC circuit
Assuming that the outputis y; = —R;I;} + I3 + V + 2J, the set of system equations
will be
1-1-10 O I 00
001 1 0 L 01
\%
0=]101 0 —1-1 L|1+]100 (])
R, 0 2 0 O a 10— Z
11 -24 3 Is 00 u
—— N——
A(RY) I B
I
L v
yi=(=Ri0100)| L |+(12 (29)
—_— —_—\J
C(RY) 4 D ~——
Is u
——

Suppose that it is of interest to find the extremal values of y; over the box B in (28).
It can be easily verified that the Assumptions 1 and 2 hold. The matrices

A(Ry), T11(Ry) and T1>(Ry) can be written as
A(R) = Ag + ARy,
T11(Ry) = T110 + Tii Ry,

T12(Ry) = Tz + Ti21Ry, (30)
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where rank(A;) = rank(7y;;) = rank(7}2;) = 1. Therefore, Theorem 2 can be
applied. Setting (R;,V,J) to the values corresponding to the vertices of box B
in (28) and solving (29) for y;, yields

i =49 at(R,V,J)=(2,1,2),
R in 9 at(R,V,J) =( )

=11. R, V,J)=(53,4). 1
o max 7 at(R,V.,J)=(53.4) (31

Based on Theorem 1 and Lemma 1, the general form of the function y; (R, V,J)
can be expressed as

+ R + R
VRV = Biio + Bin Ly 4 Biao + Bi21 Ly, (32)
g + a1 R, ap + o Ry

where the unknown constants B119, 8111, B120, B121, % and o can be calculated
using the given values for R;, R3, R4, Rs, K|, K». Thus, we get

54+ 14R, . 20+ 11R,
R,V J) = Vv J. 33
R VD =17k Y To R, (33)

It can be easily verified that the extremal values of y; occur at the vertices of 3 and
are the same as those obtained in (31).

Remark 4. In the case of an unknown circuit, that is the values of R,, R3, R4, R5, K,
K are not known, the unknown constants 8119, 111, B120, B121, @ and &1 in (32) can
be determined through measurements, which is the generalization of the well-known
Thevenin’s Theorem [3, 11, 17].

5 Conclusions

In this chapter we described some important characteristics of the parametrized
solutions of linear interval systems. We showed that if the interval parameters in the
characteristic matrix of the system appear with rank one, which is the case in many
practical applications, then the parametrized solutions will be monotonic in each
parameter. We also showed how the Superposition Principle can be obtained from
the general functional form developed in this chapter. Furthermore, we described
that the extremal values of the parametrized solutions over a box in the parameter
space occur at the vertices of the box.

Acknowledgements Dedicated to Professor Boris Polyak in honor of his 80th birthday.
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Applying the Gradient Projection Method
to a Model of Proportional Membership
for Fuzzy Cluster Analysis

Susana Nascimento

Abstract This paper presents a fuzzy proportional membership model for cluster-
ing (FCPM). Unlike the other clustering models, FCPM requires that each entity
may express an extent of each prototype, which makes its criterion to loose the
conventional prototype-additive structure. The methods for fitting the model at
different fuzziness parameter values are presented. Because of the complexity of
the clustering criterion, minimization of the errors requires the gradient projection
method (GPM). We discuss how to find the projection of a vector on the simplex
of the fuzzy membership vectors and how the stepsize length of the GPM had been
fixed. The properties of the clusters found with the FCPM are discussed. Especially
appealing seems the property to keep the extremal cluster prototypes stable even
after addition of many entities around the grand mean.

Keywords Fuzzy proportional membership * Gradient projection method e
Extremal cluster prototype

1 Introduction

Since the introduction of fuzzy partitions by Ruspini [49], fuzzy clustering has
grown and become quite prominent in cluster analysis and modeling. The concep-
tual definition of fuzzy membership is particularly appealing to quantify a grade of
membership of entities to clusters. The most known approach to fuzzy clustering is
the method of Fuzzy c-Means (FCM) introduced by Dunn [16] and Bezdek [7, 8].
The FCM has received much attention from the scientific community and has been
extensively applied in diverse tasks of pattern recognition and image processing
[9, 10, 24], data mining and engineering systems design [1, 41, 48], bioinformatics
[2], as well as to handle distributed data without resorting to approximations [54].

S. Nascimento (<)

Department of Computer Science and NOVA Laboratory for Computer Science and Informatics
(NOVA LINCS), Faculdade de Ciéncias e Tecnologia, Universidade Nova de Lisboa, 2829-516
Caparica, Portugal

e-mail: snt@fct.unl.pt

© Springer International Publishing Switzerland 2016 353
B. Goldengorin (ed.), Optimization and Its Applications in Control

and Data Sciences, Springer Optimization and Its Applications 115,

DOI 10.1007/978-3-319-42056-1_13


mailto:snt@fct.unl.pt

354 S. Nascimento

The FCM method and its extensions show how a cluster structure is derived
from the data. Yet the method provides no feedback on reconstruction of the data
from the found cluster structure, that is, on representing the data as a function
of clusters. Specifically, the fuzzy memberships, though expressing the similarity
between entities and prototypes indeed, are not involved in the reconstruction of the
observations from the clusters.

In this paper we present a fuzzy clustering framework, within the data recovery
paradigm advocated by Mirkin [33, 34], for mining for typological structures
from data. The model assumes the existence of some prototypes which serve
as “ideal” patterns to data entities. To relate the prototypes to the observations,
we assume that the observed entities share parts of the prototypes, such that
an entity may bear 70 % of a prototype V1 and 30 % of prototype V2, which
simultaneously expresses the entity’s membership to the respective clusters. The
underlying structure of this model can be described by a fuzzy K-partition defined
in such a way that the membership of an entity to a cluster expresses the proportion
of the cluster’s prototype present in the entity. Specifically, we assume that any
entity may independently relate to any prototype, up to the condition that the
memberships for any entity must sum to unity, which is similar to the assumption in
the FCM criterion. The model, proportional membership fuzzy clustering (FCPM)
[38—40] provides a family of clustering criteria, FCPM-m, with fuzziness parameter
m (m = 0,1,2), leading to cluster structures with central prototypes (FCPM-O0,
FCPM-1), closely matching the FCM, as well as cluster structures with extremal
prototypes (FCPM-2), close to the concept of ideal, or archetypal, type [15, 35].

To minimize the FCPM criteria, we developed an alternating optimization (AO)
algorithm which involves two iterative steps. First, given a set of K prototypes,’
find the optimal fuzzy membership values satisfying the fuzzy constraints. Second,
given the solution from the first step, obtain the optimal set of prototypes. The latter
step considers the first-order condition of optimality. To minimize this constrained
minimization problem, we adapt the gradient projection method (GPM) by Levitin
and Polyak [28], Polyak [45, 46]. The GPM is a powerful and simple method to
solve bound-constrained optimization problems and has been successfully applied
in various machine learning and data mining algorithms. In [30] the GPM has
been applied to non-negative matrix factorization (NMF), a minimization problem
with bound constraints, with a method of alternating least-squares using projected
gradients leading to faster convergence than the popular multiplicative update
method. In [55] the authors used the GPM to determine the hyper-parameters of
radial basis kernel functions (RBF) in a multiple kernel learning algorithm by
incorporating sequential minimization with the GPM. The approach was applied
to multi-class classification problems. In [53] the GPM was applied to a convex
programming problem of automatically learning the feature weights to obtain the
feature order preferences of a clustering algorithm. In [50] the authors introduce
a more broad approach of projected Newton-type methods for solving large-scale

'In the follow up text the number of clusters is denoted by K instead of ¢ as in the FCM.
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optimization problems present in machine learning. Yet, in [37] fuzzy decision tree
is combined with the GPM to control the growth of the parameters during the tuning
optimization process. To the best of our knowledge, no previous works on fuzzy
clustering took advantage of the GPM. We describe the adaptation of the GPM to
the FCPM model in the following aspects: (i) computation of the gradient for the
clustering criteria; (ii) choice of a constant step-size length; (iii) method for finding
the projection of a vector on the simplex of the membership vectors.

Increasing attention has been given to create synthetic data generators (DG’s)
aimed at evaluation or demonstration of clustering methods properties. The most
popular DG’s (e.g. ones integrated in the WEKA system [23]) assume that data
are typically generated from traditional multivariate normal distributions ranging
from simple to complex covariance structures [25, 32], or based on selected density
and a certain “difficulty level” for outlier detection [44]. Yet, more general data
generators have been designed, like KNIME [4] a modular platform for data
generation for general purpose study of algorithms, a data generator to create
clusters from several different distributional families with multidimensional overlap
between clusters to compare different initialization strategies of K-means [52], or
a flexible data generator producing Gaussian clusters with controlled parameters of
between- and within-cluster spread (to model cluster intermix) to study properties
of K-means clustering algorithm [14]. However, none of these approaches focus on
fuzzy clustering structures. To analyse the data recovery properties of FCPM we
constructed a DG according to the FCPM model, and conducted a simulation study
with data sets with distinct dimensionalities, exhibiting a typological structure.

Another contribution of this study is to show how an ideal type structure can
be found with the FCPM. Ideal types are extreme points that synthesize data
representing “pure individual types”, and are assigned by the most discriminating
features of data points. Recent works on archetypal analysis [11, 13, 17-19, 21,
29, 36, 47] show the importance of the concept of ‘archetypal type’ in machine
learning and data mining applications. The model of archetypal analysis postulates
that entities are convex combinations of the archetypes to be found, and that the
magnitudes of the K coefficients for each case reflect the relative proximity to each
archetype. However, in FCPM the membership values measure the proportions of
the prototypes present in the entity and the entities share proportions of the set
of prototypes. We further explore the tendency of FCPM to find prototypes with
extreme values contrasting to the central prototypes found by FCM. We take a
case study from the field of psychiatry [31] presenting extreme cluster prototypes.
When augmenting the original data with patients bearing less severe syndromes and
running the algorithms, the prototypes found by the FCM move towards the more
moderate characteristics of the data while the FCPM prototypes are almost extreme,
highlighting the suitability of the FCPM to model the concept of ideal type.

The rest of the paper is organized as follows. The first section presents the
FCPM model along with its properties. Section 2 describes a version of alternating
minimization algorithm for the model; this involves ‘major’ and ‘minor’ iterations
with the former involving application of the GPM. Section 3 describes the simu-
lation study involving the stage of data generation as well as a set of simulation
experiments to analyse the data recovery properties of the FCPM and FCM methods.
It appears the FCPM methods have some properties that allow it to choose the
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number of clusters by moving some prototypes together or out of the data area.
Section 4 describes our experiment in exhibiting the ‘extremal’ properties of the
FCPM types making the FCPM prototypes akin to archetypes.

2 The Model of Fuzzy Proportional Membership

Consider an entity-to-feature data matrix X preprocessed into Y by shifting the

origin to the gravity center of all the entities (rows) in Y and rescaling features

(columns) by their ranges with s, = max (x;;) —min (x;,). Thus, Y = [yy]isanxp
1 1

entity-to-feature data table where each entity, described by p features, is defined by

the row-vectory; = [y] € R i=1---n;h=1---p).

In the follow-up model in (1) we assume that each entity y; = [y;] of Y is related
to each prototype vi = [vi] (k = 1,---, K), as it is in the FCM. We further assume
that the membership value u; is not just a weight, but it expresses the proportion of
v, which is present in y;. That is, we consider that approximately y; = uy vy, for
every feature 4. More formally, we suppose that

Yih = UiV + Crins (D

where the residual values ey, are as small as possible.

2.1 Generic FCPM Square-Error Criterion

According to model (1), we define the clustering criterion as fitting of each data
point to a share of each of the prototypes, represented by the degree of membership.
This goal is achieved by minimising all the residual values in (1) via the square-error
criterion

nop

K
Ey(U,V) = Z Z Z(Yih — UgVip) (2

k=1 i=1 h=1

over all admissible u; and vy, that is, with regard to the fuzzy constraints

0<uy <1, forallk=1,....Kj=1....n 3)
K
D wi=1, foralli=1,....n @)
k=1

on the space of fuzzy K-partitions M.
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Equation (1) along with the square-error criterion (2) to be minimised
by unknown membership matrix U € Mg, and set of prototypes V =
(V1,V2,...,vg) € ReX* for Y given, is referred to as the generic fuzzy clustering
proportional membership model, FCPM-0, for short.

The following properties of the FCPM model (1) have to be considered:

* Each prototype, v; is a “model” or “ideal” point such that any entity, y;, bears
a proportion of it, u;, up to the residuals. The proportion, uy;, is considered
as the value of membership of y; to the cluster k. So, both the prototypes and
memberships are reflected in the model of data generation.

* Equation (1) can be considered as a device to reconstruct the data from the model.
The clustering criterion follows the square-error framework to warrant that the
reconstruction is, on average, as exact as possible.

* The model (1) may be considered over-specified: any observed entity must share
a proportion of each of the prototypes, which ideally may occur only if all the
entities and prototypes belong to the same uni-dimensional space. Such a solution
is not realistic, especially when contradictory tendencies are present in the data.
This property of the generic model led to some over-estimation effects which
requires to extend the criterion.

* Due to the bilinear nature of model (1), a property of the clustering criterion (2)
is that it remains constant if vectors v; and u; are changed for v;/y and w;y
for some i, where y is an arbitrary real. In particular, tending y to zero, the
membership vector, u;y, tends to zero while the prototype v;/y to infinity,
without any change in corresponding differences ¢ in criterion (2). This way, the
following phenomenon may occur in the process of adjusting solutions during
alternating minimisation of criterion (2): to decrease some of the differences
in (2) the membership values involved can be increased with simultaneously
decreasing other membership values to zero along with moving corresponding
prototypes to infinity. Tending some prototypes to infinity is a specific pattern of
non-convergence of the alternating minimisation, which may occur in the generic
FCPM model.

e The former two properties may make the model sensitive to the number of
clusters K, which is to be specified by the user. When this number is greater
than the number of prototypes fitting well in the model, some of the prototypes
in a computation may be driven out to infinity in the process of alternating
minimisation of the criterion (2).

2.2 Extension of FCPM Criterion

The requirement of FCPM generic criterion (2) that each entity be expressed as a
part of each prototype is too strong. Sometimes it is more realistic to consider that
only meaningful proportions, those expressed by high membership values, should
be taken into account in Eq. (1).
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In order to smooth the effect of high residual values e;;, at small memberships
uy;, let us weight the squared residuals in (2) by a power m (m = 1,2) of
corresponding uy;:

K n p
En(U.V) =) 33 i — wivin)’ o)

k=1i=1h=1

subject to the fuzzy constraints (3) and (4).

The models corresponding to these criteria at different parameter m are referred
to as FCPM-1 (m = 1) and FCPM-2 (m = 2). Criterion (2) is also (5) at m = 0.
The power m in (5) is similar to the power m in the FCM clustering criterion [8],
controlling the extent of sharing among fuzzy clusters. One may assign any value
m > 0 to it. To an extent, their roles are similar in FCM and FCPM: the greater the
m, the greater the weight assigned to the difference between the observation and the
model value at larger membership values and, in contrast, the smaller the weight of
the difference at smaller membership values. Yet in the FCM the model value is just
the cluster center component, vy, which does not depend on the membership value,
whereas in the FCPM it is uyvy;, which does depend on the membership value.
However, the dependence is not clear-cut; for example, at y; < vy, the larger u),
the better, and it is quite opposite if y; > vg,. In this study no other values of m are
considered, a similar approach to the common practice in FCM of accepting m = 2
(e.g. [12, 43]). Other versions of the FCPM are considered in [38].

3 The FCPM Method and Algorithm

3.1 Alternating Minimization: Major and Minor Iterations

Let us consider the FCPM criteria above in the general format of criterion E : My, X
ReX*P — Re™, to be minimized:

min E(U,V), (6)
U€EMjxy, VEReK™P
following the generic alternating minimization scheme.

The alternating minimization algorithm applied to_problem (6) involves two
iterating steps. First, given V € ReX>”, minimize E(U V) with respect to U € M.
Second, given the solution from the first step, Ue My, minimize £ (U , V) over
V € Ref.

Given fuzzy membership matrix U, at rth iteration, minimization of E (ﬁ V)
with respect to V € ReX™” can be done according to the first-order condition of
optimality (i.e. VEm(/lj, V) = 0). This condition implies that
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m+1
< (ul(([)> ’ yh>
v(t)

= )

where parameter m takes value m = 0, 1, 2 for either version of FCPM-m, and ()
denotes the dot product.

This equation resembles the equation for calculating the FCM prototypes, which
suggests that the FCPM does capture the averaging nature of FCM. However, there
is a difference as well. In formula (7), the power m + 1 of u in the numerator
differs from the power m + 2 of u in the denominator, while these powers coincide
in the calculation of FCM prototypes. Therefore, the FCM prototypes are convex
combinations of the observed points, yet the FCPM prototypes are not.

The minimization of criterion E(U, ‘7) with respect to U € My, is not that
straightforward as in FCM because the fuzziness constraints (3) and (4) are not
automatically satisfied for the FCPM solutions. That requires an iterative process of
its own. After preliminarily experimenting with several options, like the Lagrangian
multipliers [6], the gradient projection method developed by Levitin and Polyak [5]
has been picked up to solve the constrained minimization problem. This method
works especially well for criterion Ej in (2) as will be shown in the next section.

The gradient projection method is iterative. To distinguish between iterations of
the alternating minimization process and iterations within the gradient projection
method, we refer to the former ones as “major” iterations and, to the latter ones, as
“minor” iterations.

3.2 The Gradient Projection Method

The gradient projection method (GPM) belongs to the family of steepest descent
methods for constrained minimization. It is adapted here to minimize E,, (U, /\7) over
U e Mﬂ(n.

Let f : ReX — Re be a continuously differentiable function to be minimized
over a convex subset Q C ReX. For any z in Re¥, let us denote its projection on
Q0 by Hy(z), so that Py (z) minimizes ||x — z|| over all x € Q. Notice that Fy(z),
denotes the unique projection of vector z € ReX on Q.

The GPM for solving this constraint optimization problem starts with an arbitrary
x(© € Q and iteratively transforms it according to the following rule:

X = 2 (x" — aVF(x")), ®)
where « is a positive constant step size and Vf(x) the gradient of f at x € Q.

The following conditions of convergence of the gradient projection method
[6, 46] have to be pointed out.
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A vector function g : ReX — ReX is said to satisfy the Lipschitz continuity
condition with constant L if

K
l[ex) —gWIl < L|x—yl Vx,y€Re. )

A function f(x) is said to be strictly convex with constant / > 0 if

Ji K
fx+¥) =) > (V/().y) + S IyI* VX y €Re. (10)

For a twice differentiable function f, this is equivalent to its Hessian V>f, being
bounded over ReX, that is, V2f(x) > [-1, where I is the diagonal matrix, and A > B
means that A — B is a positive semi-definite matrix.

In order for the GPM to be effective, the constraint set Q should be such that
the projection operation &, (.) could be easily carried out. Polyak [46] mentioned
several cases of this type including the case(s) in which Q involves upper and/or
lower bounds on all the variables in the problem. However, when Q is a general
polyhedron, the projection (8) requires solving a quadratic programming problem.

3.3 Applying the Gradient Projection Method at FCPM Minor
Iterations

Let us denote the set of membership vectors u; satisfying conditions (3) and (4) by
Q, which is a convex set (cf. [8, Theorem 6.2.]). With y® pre-specified, the function
E(U, \7) is to be minimized over such U whose columns, u;, belong to Q.

The gradient projection method (8) applied to minimize E(U, /V) can be stated as
follows:

ul@ = @Q(uf’_l) —aVE(uf.l_l),V)), i=1,---,n (11)

The possibility of translation of the problem defined over matrices in terms

of separate membership vectors in (11) is due to the fact that for each uf’) its

components ”1(:1) only depend on u,g._l).

In order to apply method (11), one needs to specify the following three parts of
it: (i) Computation of VE(uEt_l), /‘7); (i1) Choice of a constant step-size length «;
(iii) Finding the projection Z(d;) for d; =uf.t_1) — aVE(uEl_l),\/}) € Ref (i =
1+, n).

For the sake of simplicity, we start from the criterion of the generic model Ey
in (2), as the E(U, \7) Then we extend the analysis to the other values of m. The
demos of the mathematical properties presented may be consulted in [38, 40].

The function Ey (U, \A/) is convex and twice differentiable over its variables
u;; [38]. The elements of its gradient are
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VE, ([u,.] ,?/) = 2((Ve, Vi) i — (¥ V), k=1,--- K, (12)

and its Hessian is a Kn x Kn diagonal matrix whose ((k, i), (k,i))th element is
2 (Vk, Vk>.
Let us denote | = 2mkin (vk, vi) and L = 2maxy (vg, vi). Naturally, L - I >

V2Ey(U, 17) > [ - 1. We assume all v; are nonzero which implies L > [ > 0.
The gradient VE| satisfies the Lipschitz condition over Q with constant L thus
defined. Indeed,

VEy ([u. V) = VE (1. V) = 2 (vie va) (i = 20 (13)

< L(ui — zi), Yu;,z; € Q.

which implies the same inequality in terms of the vector norms, that is, the Lipschitz
condition (9).

The situation for functions E,,(U, /\7) (m = 1,2) is different: neither is convex
over Q, though each satisfies the Lipschitz condition.

The elements of the gradients VE,, are expressed as

VE, ([w]. V) = n+2) (vl =20n+ 1) vy + - (14)

m—1

m{y;,y;) u;

form > 0.
Note that (12) is a special case of (14) at m = 0. On the other hand, it is proven
that

VE, (19, V) = VE, (12, V)| = LIwi — 201 (15)
with |-| the L; norm, and L a constant equal to
L=m+2)m+ 1)V +2mm+ )YV +m(m—1)Y, (16)

with V = maxy (vi, Vi), YV = maxy; |(Ve,y;)| and Y = max; (y;, y;). This shows
that VE,, (with m > 1) satisfies the Lipschitz condition for the L;-norm with
constant L defined above.

Although the Lipschitz continuity condition (9) is defined for the L,-norm,
it is known that the condition holds or does not hold in both L, and L;-norms
simultaneously, though the constant L in (9) may change [46].

When a function is not convex, yet satisfies the Lipschitz condition, the gradient
projection method may converge to a local optimum only, adding this to the general
local search nature of the method of alternating optimization.
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According to the convergence properties of the GPM method [6, 46] we take the
step-size @ = ﬁ, so that @ spans the interval between 0 and 2 /L when € changes
from O to infinity. The value ¢ = 0.5 was chosen experimentally as giving the most
stable convergency rates.

Substituting L from (16) into the formula, one obtains

1
5cvrew+ar

m

Uy =

0,1,2, (17)

with V, YV and Y defined above, and coefficients c{n defined by:

Shsbsn S
o o~ @
o N W
- o o™

Now we can turn to the problem (iii) of projection of the difference vectors
d; =uft_1) - aVEm(ugt_]) , \A/) onto the set O of vectors satisfying conditions (3)
and (4).

For each criterion E,,, vectors d; = [d},] to be projected onto Q are defined by
equations

_ o\ m+1 _n\"™"
40 = uf™ 20, [(m+2) e (u ) = 20m+ 1) vy (") +

m(y;.y;) (u,ﬁi_”)m_l} : (18)

derived from (11) with VE,, in (14) substituted for VE.
We start by presenting a generic method for projecting a vector on the simplex
of the membership vectors.

3.3.1 Projecting a Vector on the Simplex of the Membership Vectors
Let us consider the problem of finding a vector u= [u;] € Q(k = 1,--- , K), which
is at the minimum distance from a pre-specified vector d = [d]. This problem can
be stated as follows:
min f(u) = [lu—d|)*, (19)
u
subject to constraints (3) and (4).

In order to solve this problem, we assume, without any loss of generality, that
dy > dy > --- > dg. The optimal u* of problem (19) has the same order of
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components, that is, uf > uj > --- > u¥. Let us assume that uf > uj > .-+ >

ur, > 0 for some kt < K.If k™ < K, the final K — k™ components are zero. For
the non-zero components, the following equations hold at an optimal u*:

* * *
uy —dy =uy —dr =+ =u —d+.

Otherwise, we could transform u* as above by redistribution of values among the

positive uy, -+ ,u, in such a way that its distance from d decreases, which would
contradict the assumption that the distance had been minimized by u*. Thus, for the
optimal w*, uf =d| —aq+,u5 =dr —ap+, -+ ’”;:+ = d;+ —a;+, where a;+ is the

common value of the differences; it can be determined from the result of summation
of these equations as

1 kT 1
aq+ = k_+Zk=ldk = (20)

The value of kT is not known beforehand. To find it, the following iterative
process can be applied. Start with k* = K, and at each iteration compute a;+
with formula (20) and take the difference u;, = di+ — ap+. If it is less than or
equal to zero, decrease k* by 1 and repeat the process until the difference becomes
positive. Then define all the other u; as follows: u} = dy —a;+ fork =1,... kT
and u; = 0 for k = kt +1,---,K. The process can be accelerated if, at each
iteration, k* is decreased by the number of negative values in the set of differences
uf =dy—ap+ (k=1,...,kT). This is described in the following Algorithm Al.

Algorithm A1 Projection(d)

1 Givend=[dy] (k=1,---,K)

2 sort d= [d}] in the descending order;

3 Kt :=K;

4 Repeat

5 calculate ay+ by (20);

6 zeros = false; k := 0;

7 Repeat

8 k:=k+1;

9 Uy = dk—(lk+,'

10 If u;, < 0 then zeros := true;endIf
11 until (k = kT .or.zeros);

12 If zeros then

13 For j=k,--- kT do u; := 0; endFor
14 Kt i=k—1;

15 endIf

16 until (kt = 0 .or.notzeros );

17 returnu = [uy,...,u+,0,...,0];
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3.4 The FCPM Alternating Optimization Algorithm

The FCPM algorithm is defined as an alternating minimization algorithm, in which
each “major” iteration consists of two steps as follows. First, given prototype matrix
V, the optimal membership values are found with Eq.(11) through the gradient
projection iterative process (Algorithm Al). Second, given membership matrix
U, the optimal prototypes are determined according to the first-degree optimality
conditions (7).

Thus, the FCPM algorithm involves “major” iterations to update matrices U and
V and “minor” iterations to recalculate the membership values, using the gradient
projection method within each of the “major” iterations.

The algorithm starts with a set V(© of K arbitrarily selected prototype points in
Re? and U© in Mk,; it stops when the difference between successive prototype
matrices becomes small according to an appropriate matrix norm, |-|,,,.. The FCPM-
m (m =0, 1, 2) algorithm is defined in A2.

The FCPM algorithm converges only locally as the FCM does. Moreover, with a
“wrong” number of pre-specified clusters, FCPM-0 may not converge at all since it
may shift some prototypes to infinity. In an extensive experimental study conducted
with simulated data, the number of major iterations in FCPM-0 algorithm is rather
small when it converges, which is used as a stopping condition: when the number
of major iterations in an FCPM-0 run goes over a large number (in our calculations,
over 100), that is an indicator that the process is likely to not converge. This property
is discussed in the next section.

err®

4 Simulation Study

To analyze the data recovery properties of the FCPM model, a simulation study has
been conducted with artificial generated data considering four main objectives:

01 To compare results found by FCPM and FCM methods.

02 To analyze the ability of FCPM to recover the original prototypes.

O3 To use the behavior of FCPM-0 as an indicator of the “right” number of
clusters.

04 To analyze the behavior of FCPM algorithms at numbers of clusters greater
than those in the data.

To accomplish this, a data generator has been constructed according to the
assumptions underlying the FCPM model so that each prototype is an “ideal” point
such that any entity bears a proportion of it.
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Algorithm A2 FCPM-m Algorithm

1  GivenY = [y[]

2 chooseK2<K<n), (m=0,1,2),T,T,,¢>0;
3 initialise VO = {V;P)}f U € Myt :=0 ;

4 Repeat

5 t, :=0;

6 U = U(”);

7 Repeat

8 hi=th+1;

9 Fori=1,---ndo
10 calculate 4\ with V@0 u®~" by (18);
11 u?m = Pr(gjectionQ(dEIZ)) %(Algorithm A1)
12 endFor
13 until (|[U® — U(’2*1)|m <e.onty =T);
14 Hhi=t+1;
15 U = U(tz);
16 calculate VU with U™ by (7);

17 until (|V(’]) - V([]_l)}err <ée.ont = Tl) 5
18 return (V, U) := (VW ,y®);

4.1 Generation of Data and Assessment of Results

The FCPM data generator was constructed as follows:

1.

The dimension of the space (p), the number of clusters (Kj), and the number of
entities generated within each cluster as numbers ny, na, . .., ng,, are randomly
generated within pre-specified intervals: [min_DimP, max_DimP] for space
dimensionality p; [min_K, max_K] the interval for the number of clusters;
[min_PtsCIt, max_PtsClIt] for the total number of points (n;) to be generated

within each cluster k (k = 1,--- , Kp). The data set cardinality is defined then as
n=3% .
. Ky cluster directions are defined as follows: prototypes o, € Re” (k = 1,--- , Ky)

are randomly generated within a pre-specified hyper-cube with side length
between —100.0 and 100.0; then, their gravity center o is taken as the origin
of the space. Each cluster direction is taken as the segment 00y

. Foreachk(k =1,--- , Kjp), define two p-dimensional sampling boxes, one within

bounds Ay = [.90, 1.104] and the other within By = [0, 0;]. Then, generate
randomly a small percentage of points, percent_PtsOrgVs (e.g. 0.2n;) in A; and
the remaining points, (1 — percent_PtsOrgVs) - ny (e.g. 0.8n;) in By.

. The data generated (including the K, original prototypes) are normalized by

centering to the origin and scaling by the ranges of features.
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Fig. 1 Architecture of the data generated on a 3D projection of the best three principal com-
ponents, with p-dimensional sampling boxes A; and By for a data structure with six original
prototypes

All randomly generated items come from a uniform distribution in the interval
[0, 1]. Figure 1 illustrates the architecture of the data generator on a 3D projection
of the best three principal components, with p-dimensional sampling boxes A; and
By, for a data structure with Ky = 6 original prototypes.

Due to the characteristics of this data generator, rather complex data structures
can be generated with a small number of easily interpretable parameters, something
that would be much more difficult to achieve using the traditional multivariate
normal distributions for data generation [3, 25, 32, 44].

A number of arbitrary decisions were made in the design of the algorithm
of the FCPM data generator, which refers to the chosen parameter values, that
is a common process for generating artificial data. The user can change any
of these decisions by instantiating the input parameters when generating data.
In the conducted simulation study these parameters have been chosen as fol-
lows: [min_K, max_K]=[2,8]; [min_DimP, max_DimP]=[2,200]; [min_HCube,
max_HCube]=[-100.0,100.0]; percent_DSeg= 0.1 and percent_PtsOrgVs=0.2.

To visualize the distribution of the data points, a 2D/3D space of the best principal
components is used, into which these points are projected.

About 100 data sets have been generated. For a fixed pair, p and K, a group of
15 data sets were generated with different numbers of entities and different original
prototypes. The experiments comprised seven such groups with p ranging from 5 to
180 and K, from 3 to 6.

Our criteria (5) are more complex than that of FCM and thus require more
calculations. In our experiments, each of the algorithms (FCM, FCPM-0, FCPM-1,
and FCPM-2) was run on the same data set and starting from the same initial pro-
totypes (i.e. with the same initial setting) for different values of K (K = 2,3,4...).
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The instantiation of the parameters of the algorithms: (i) 7; = 100, ¢ = 0.0001,
l,,, = Li-norm in ReX*? (FCM & FCPM common parameters); (i) m = 2, ||-||
=L, -norm (FCM own parameters); (iii) 7, = 100 (FCPM own parameters).

Our main interest on discussing the experimental results is given to the clustering
results rather than the performance of the algorithms.

In order to compare the prototypes found by FCPM (V’), with “reference”
prototypes V, which were either FCM found prototypes (goal O1) or generated
prototypes (goal study O2), we introduced a dissimilarity coefficient to measure
the squared/relative quadratic mean error between corresponding prototypes of sets
V = {V{}é 1 and V = {v;}t_,, defined by:

=

K
D (V’ V) — Zk=1ZZ=1 (Ul/ch B Ukh)2 (21)
) % e .
D ket et Vi et 2 Vi

In (21), the matching between prototypes is determined according to minimum
distances. In the case in which the number of prototypes found by FCPM-0, K’
is smaller than K, only K’ “reference” prototypes participate in (21). Coefficient

D (V/, V) is not negative, and it equals O if and only if vy, = vy, for all k =

1,--- ,K;h =1,---p. In a typical situation, when the components of each v; and V,’<
are in the same orthants, then D is not greater than 1. Notice that the dissimilarity

measure D (V’, V) is more or less independent of the “reference” prototypes (V’s),

their cardinality (Ky), and dimension (p); thus, it can be used to compare cluster
prototypes in different settings.

In order to measure the separability of found partitions, the separability index, By
by Backer (as defined in [8]) was used. This index is defined as follows:

k K n uz'
Bk(U)zl—m(l—ZZf) , (22)

k=1 i=1

with 2 < k < n. In Bezdek [8] it is proven that 0 < B, (U) < 1, with B, (U) = 1,
when U is hard; and B; (U) = 0 for an entirely fuzzy k-partition, i.e. U = [1/k].

In summary, in this approach a fuzzy k-partition is induced from a hard k-
partition and an affinity index. It seems that Backer’s approach to clustering present
greater success than the k-means family when clusters are not essentially hyper-
ellipsoidal in shape.

In what follows, we refer to three types of the numbers of prototypes: (1) the
number of originally generated prototypes, Ky, (2) the number of prototypes pre-
specified in a run, K, and (3) the number of prototypes found by an algorithm,
K’. The cluster solutions found with FCPM algorithms are characterized according
to: (1) the number of clusters found, K’; (2) the dissimilarity D (Vrcpa, Vicm)
between the prototypes found by FCPM and those by FCM; (3) the dissimilarity
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D (Vecpu, Vo) from the generated prototypes O = {ok}kKi, and (4) the separability
index, By. The separability index was also calculated for the FCM solutions to
compare different versions of the algorithm.

4.2 Discussion of the Simulation Results

Results of our experiments with FCM and FCPM algorithms lead us to distinguish
between three types of data dimensionality: low, intermediate, and high, because the
algorithms behave differently across these categories. With several hundred entities,
the dimension p satisfying p/Ky < 5 is considered small and p satisfying p/Ky > 25
high. Note that the numbers of prototypes K’ and K in the same computation may
differ because of either of two causes:

(C1) some of the initial prototypes converge to the same stationary point;
(C2) some of the initial prototypes have been removed by the algorithm from the
data cloud (this concerns FCPM-0).

In either case, K’ < K.

Figure 2 shows the kind of cluster structure we deal with, taking a small data
set generated with Ky = 3 original prototypes in Re? (p = 2) with n = 49 points.
The prototypes found by running FCM and FCPM algorithms started from the same
initial setting at K = 3 are also displayed. The FCPM-0 algorithm moved one of the
prototypes (that corresponding to cluster 2) far away from cluster 2 to the left, so
that its points, in the end, share the prototype with cluster 3. Concerning the other
FCPM and the FCM algorithms, all of them found their partitions with K’ = 3
prototypes. Method FCPM-2 produced the most extremal prototypes close to the
original ones, and FCPM-1 produced prototypes close to the prototypes found by
FCM.

In the main series of experiments the number of prototypes looked for were taken
as equal to the number of original prototypes, K = Kj.

The average results of running FCM and FCPM algorithms with K = K for
each of the three groups of data sets: namely, at small dimension (p = 5, Ky = 3),
intermediate dimension (p = 50, Ky = 4), and at high dimension (p = 180, Ky =
6), are presented in the following four tables: Table 1 shows the number K’ of
prototypes found, and when K’ < K, the cause, either C1 or C2, is shown as a
superscript. Table 2 shows the average dissimilarity coefficient either concerning
FCM prototypes (left part), and generated prototypes (right part). These average
values correspond to the average relative square error of FCPM solutions with
respect to the reference prototypes. Table 3 shows the average partition coefficient,
Bk. Finally, in Table 4 the number of major iterations, #; taken by each algorithm is
shown.

Another set of experiments were carried out with K = Ky + 1. The goal of study
was to analyze the sensitivity of FCPM algorithms to larger numbers of pre-specified
prototypes than those at which the data were generated (goal study O4). Depending
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Fig. 2 Results of clustering
for the illustrative data set
(Ko =3,p=2,n=49),
with data points marked with
symbol ‘+’. All FCPM and
FCM algorithms find K’ =
prototypes, except for
FCPM-0, that moved
prototype 2 far away to the
left of its cluster. Therefore,
its points share the prototype
with cluster 3 according to
FCPM-0
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Table 1 Number of prototypes found by FCM
and FCPM algorithms for the three groups of
data sets: at small dimension (p=S5), interme-
diate (p=50), and at high dimension (p=180).
Upper indices C; and C, are explained in the text

k/

FCM

Small
(Ko = 3)
3

FCPM-0

3
FCPM-1 |3
3

FCPM-2

Intermed. | High
(Ko=4) | (Ko =6)

4

4
4
4

1C1
6 or 5¢2
6

6

on the ratio p/K, the FCM and FCPM algorithms behave differently. The numbers
of prototypes found by each algorithm are presented in Table 5.
The results of these experiments are the following:

Number of clusters Concerning the correctness of the number of clusters
retrieved from the data, the methods fall into three groups:

(i) Methods retaining the pre-specified number of clusters: FCPM-1 and

FCPM-2.

(i) Methods which can reduce the number of clusters (especially in the high
dimensional data case) due to either of the causes C1 (FCM) or C2 (FCPM-

0) above.

For low and intermediate dimensions, FCPM-0 almost always finds the correct
number of generated clusters (Table 1). In the high dimensional spaces, FCPM-0
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Table 2 Average dissimilarity values

(%) for:
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FCM prototypes

(D (Vpepms Vrem) ) and original prototypes (D (Vpcpy, Vo) ) running
FCM and FCPM algorithms for three groups of data sets: small dimension
(p=5), intermediate (p=>50), and high dimension (p=180)

Small |Intermed. | High Small |Intermed. | High
D (Vrcem, Vrem) D (Vicrm, Vo) %

FCM - - - 14.70 17.90 96.83

FCPM-0 | 0.49 1.23 143.50 | 12.20 14.34 11.67

FCPM-1 | 0.89 0.16 94.20 | 10.20 15.31 15.82

FCPM-2 | 7.10 11.44 97.18 2.30 1.16 0.45
Table 3. 'Av'erage Space dimension | Small | Intermed. | High
separability index Bk values B
at FCM and FCPM K
algorithms for three groups of FCM 0.61 0.47 0.01
data sets: small dimension FCPM-0 0.84 0.90 0.78
(p=5), intermediate (p=50), FCPM-1 0.80 0.98 1.00
and high dimension (p=180) ECPM-2 0.43 0.36 0.30
Table .4 A\./erage number of f Small | Intermed. | High
major iterations, t;, for FCM
and FCPM algorithms at the FCM 12 15 27
three groups of small, FCPM-0 10 20 78/101
intermediate and high FCPM-1 11 9 11
dimensional data sets FCPM-2 11 11 27
Table 5 Number of Space dimension | Small | Intermediate | High
prototypes found by the FCM Kt l= 4 5 7
and FCPM algorithms run 0Tz o o
with K = K + 1. Upper FCM 4 4 1
indices C and C, are FCPM-0 3 4¢2 (6;5:4)¢2
explained in the text FCPM-1 4 4C1 6C1

FCPM-2 4 |4 6“2

finds the correct number of clusters in 50 % of the cases and it underestimates the
number of clusters in the remaining cases removing some of the prototypes out
of the data set area (as illustrated in Fig. 2). In the high dimensional spaces FCM
typically leads to even smaller number of clusters, making the initial prototypes
to converge to the same point. Further experiments show that this feature of FCM
depends not only on the space dimension but also on the generated data structure.
Indeed, for the high dimensional data, FCM views the entire data set as just one
cluster around the origin of the space, because there are not that many points
generated “outside” of it. However, when the proportion of points generated
around the original prototypes (within the boxes Ay) is increased from 0.2 to 0.8,
FCM identifies the correct number of prototypes (see [26, 27, 51] for discussions
of the challenges of the curse of dimensionality). Figure 3 displays a data set
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Fig. 3 A high dimension 0.06 T T T r
data set (n = 975, p = 180, '
Ko = 6) with data points 4
generated around each 0.04
original prototypes in a
proportion of 0.8 instead of -
0.2, as in the original data RN
generation. The original 0.02 5
prototypes as well as the R -
FCM and FCPM-0 found a
prototypes are marked or .
B N
0.02 ,4 *_
-0.04 F
' L)
-0.06

-0.08 -0.06 -0.04 -0.02 0 0.02 0.04

generated under this configuration, with the corresponding FCM and FCPM-0
prototypes marked. In such a case, FCM and FCPM-0 prototypes more or less
coincide.

Proximity to FCM or generated Prototypes The prototypes found by FCPM-

1 and FCPM-0 almost coincide with those found by FCM when the number
of prototypes is correctly determined by FCM. These prototypes differ from
those originally generated, since they tend to be central points in the clusters.
In contrast, the FCPM-2 prototypes go to the extremes of the clusters. Indeed,
FCPM-2 identifies the originally generated prototypes and, thus, yields a result
differing from that of FCM (see the corresponding D (Vrcpy, Vo) values in
Table 2). This effect is especially visible when the ratio p/K increases. The
prototypes found by FCPM-0 are intermediate between those found by FCM
and FCPM-2. Figure 4 illustrates the relative locations of FCPM and FCM
prototypes, with respect to the original prototypes, for a high dimensional data
set.

Partition Separability The average values of the partition separability coeffi-

cient, Bx (Table 3) showed that the FCPM partitions are more contrasting than
those by the FCM. In high dimension cases FCPM-1 led to hard clustering
solutions. This is because the proportional membership is more sensitive to the
discriminant attribute values characterizing a cluster, when compared with the
FCM membership. The FCPM-2 gave the fuzziest partitions, typically differing
from those of FCM.

Iterations On average, the number of major iterations (¢;) in FCPM-1 and FCPM-

2 is smaller than in FCM, whereas in FCPM-0 this number does not differ
significantly from that in FCM (for small dimensions). However, the running
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Fig. 4 3D projection of the
prototypes found by FCM
and FCPM’s algorithms with
¢ = K prototypes at a high

dimensional data set with 0 Original v's [:°5
n=2887,p=180,Ky =6 ® FCM
0.05 * FCPM-0
A FCPM-1 %

D> FCPM-2

-0.05

time is greater for FCPM algorithms due to the time spent in the minor iterations
of the gradient projection method.

Higher Number of Clusters The results presented in Table 5 show the follow-
ing. For small dimensional data, FCM, FCPM-1, FCPM-2 found K’ = Kj + 1
distinct prototypes. The FCPM-0 removed the extra prototype out of the data
space.

For intermediate dimensional data, FCM and FCPM-1 just found K’ = K
distinct prototypes; the extra prototype almost always moved to coincide with one
of the others. Both FCPM-2 and FCPM-0 found K’ = K prototypes by removing
an extra prototype out of the data set area (Fig.5), rather than by merging two
different prototypes.

For the high dimensional data both FCM and FCPM-0 led to “degenerated”
solutions: either several prototypes coincide with each other (FCM) or more than
one prototype moves out of the data space preventing the algorithm to converge
(FCPM-0). Still, the other methods, FCPM-1 and FCPM-2, recovered the number
of prototypes that had been generated (Fig.5). However, FCPM-1 led to hard
clusters in the high dimensional cases.

Behavior of the other features (D (Vicpy, Vicm), D (Viceu, Vo), and Bg), does
not differ from that shown in Tables 2 and 3. Overall, in the high dimensional
cases, the winner is the FCPM-2 which recovers the original “extremal” proto-

types.
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Vs
o Original

FCPM-2

-02 -0.2

Fig. 5 3D projection of the prototypes found by FCM and FCPM with K = K, 4+ 1 (high
dimension case at p = 180, Ky = 6). FCM and FCPM-O0 lead to different degenerate solutions:
FCM makes all the prototypes coincide with each other, whereas FCPM-0 removes more than one
prototype out of the data area. FCPM-1 and FCPM-2 recover the original number of generated
prototypes

5 Retrieving Extreme Types with FCPM

Archetypes are extreme points that synthesize data representing “pure individual
types”, and are assigned by the most discriminating features of data points in such a
way that each data point is a convex combination of prototypes band, vice versa,
each prototype is a convex combination of the data points [15]. In contrast to
K-means or fuzzy K-means types, the archetypes are not central points but rather
those extremal. In this regard we note that the FCPM models have something to
do with the archetypes. Indeed, our model was introduced as an extension of the
model of “ideal” fuzzy types by Mirkin and Satarov published in 1990 [35]. In that
model, each data point is a convex combination of the prototypes, aka ideal types,
although no reverse relation is required or maintained. Yet the extremal character
of the fuzzy ideal types can be seen quite clearly. In this section, we describe an
experiment demonstrating how an archetypal type structure can be recovered from
data with the FCPM as a move towards FCM.

We use a data set from the psychiatric domain [31]. This data set consists
of 44 patients, described by seventeen psychosomatic features (h—h;7) (see [31]
for a complete description). The features are measured on a severity rating scale
taking integer values between 0 and 6. The patients are partitioned into four classes
of mental disorders: depressed (D), manic (M), simple schizophrenic (S;) and
paranoid schizophrenic (S,,). Each class contains eleven entities that are considered
‘archetypal psychiatric patients’ of that class. The parameters of this data set are:
n=44m =n=n3=n4 =11),p=17and c = 4.
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The mental disorder data set is particularly interesting to this study since, for
each diagnostic category (D, M, S,, and S,,), there is always a pattern of features
(a subset of hj—h;7) that take extreme values (either O or 6), and clearly distinguish
each category. Indeed, some of these features take opposite values among distinct
categories. However, some feature values are shared by categories leading to
overlaps. Thus, each category is characterized by ‘archetypal patients’ that show
a pattern of extreme psychosomatic feature values defining a syndrome of mental
conditions (i.e. an ‘underlying type’, following our terminology).

To capture the typology underlying the data, we analyze the relative contributions
of variables 4 to clusters k, w(h|k), introduced in [33] and defined by

wlhlly = (23)
> T
where vy, denotes the gravity center of a crisp cluster k. Note that the farther vy, is
from zero (which, due to our data standardization, is the grand mean), the easier is
to separate that cluster from the other ones in terms of variable %, which is reflected
in the weight values. Therefore, w(h|k) can be viewed as a measure of the “degree of
interestingness” of variable / in cluster k with regard to its “standard” mean value.

We consider the set of ‘most contributing features within a cluster’ as the features
which may act as frontier values. We define the ‘underlying type’ of a cluster k, 7y,
as the prototype of the cluster characterized by the set Wy, of its most contributing
features.

Table 6 presents the contribution weights of clustering elements to the original
classes of mental disorders. The mean value of the contribution weights defines
a threshold, so that features contributing more than that should be considered as
those characterizing the underlying type, tj, of each of the classes/clusters. These
contributions are outlined by boxes.

In order to find the underlying types of the mental disorders, algorithms FCPM-2
and FCM (with parameter m = 2) were run starting from the same initial setting,
at K = 4. The headers of Tables 7 and 8 show the features characterizing each
underlying type, selected from the boxed values in Table 6. The row beneath each
header in these tables displays the underlying types z;, found by FCM and FCPM-2.
The values of T are in the original data scales.

The upper rows of Table 7 display the average values of cases belonging to
the corresponding diseases, whereas in Table 8 such values correspond to extreme
values which are followed by the number of cases at which these values were
attained. This format allows us to show the distinct cluster tendencies of clusters
found by FCM and FCPM-2. It is quite clear that the underlying types found by
FCPM-2 do correspond to extreme values, in contrast to the corresponding ones
found by FCM—these are central ones. Concerning the membership values found,
both algorithms assign the highest membership value for an entity to its original
class, thus correctly grouping all entities to the their classes. The only exception
occurs for entity 21’ from class M, which is assigned to class S,. This goes in
line,though, with results found for other clustering algorithms such as complete
linkage, K-means, in Mirkin [33].
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Tablt.: 6 .Relative D M S, S,

Corchosomati veiables i w(hID) [ w(HIM) | wlhlSy) | whls,)
(hy-h17) to classes D, M, S, hy 0.050 0.047 0.003 0.001
and S,; The features values hy 0.028 0.020 0.049 0.028
higher than the corresponding I3 0.027 0.193] 0.096 0.000
means are marked he | 0.032 | 0.000 & 0007 | 0.019

hs 0.167 0.041 0.013 0.028
he 0.015 0.045 0.058 0.018
hy 0.014 0.008 0.022 0.013
hg 0.I17 @ [0.168 0.167
ho 0.183] 0.059 0.008 0.029
hip | 0.041 0.017 0.056
hyp | 0.021 0.006 0.037
hip | 0.021 0.009 0.013
his | 0199 | [0.075 0.002
his | 0.016 0.006 0.040 0.069
his | 0.007 0.006 0.009
his | 0.00 0.274 0.016
hy7 | 0.064 | 0.197 0.146 0.026
w 0.059 0.059 0.059 0.059

5.1 Mental Disorders Augmented Data and the Underlying
Types

In order to analyze the potential of FCPM-2 to reveal prototypes on the extreme
(such as archetypes), the original data set should be modified by adding less
expressed cases. Therefore, the data set was augmented by adding data of patients
bearing less severe syndromes. With such an update, we can explore whether the
underlying types are changed or not. To this end we added to each class data of six
mid-scale patients and three light-scale patients constructed as follows. Data for
each new patient, X, = [xg ], was generated from the data of a randomly selected
original patient, X; = [x;,], applying the transformation

Xon = round (sp - xy) + ¢ forall h,

with scale-factor sy = 0.6 to obtain a mid-scale patient and s = 0.3 to obtain a
light-scale patient. The shift parameter ¢ takes randomly selected value of either 0
orl.

Tables 7 and 8 present the underlying types (t) found in the original data set
followed by the corresponding ones (z’) for the augmented data set, for each of
the algorithms under study. We can observe that the feature values of the FCM
found types (in 7) have moved towards less well expressed, intermediate, values
(int)), showing the strong tendency of the FCM to look for the central tendencies. In
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Table 7 Underlying types of
mental disorders (tp, Tu, Ts,, -
7s,), found by FCM for the t

%)) /’15 hg h9 h13 h17
5.18 | 0.09 | 6.00 | 5.64 | 0.73

original data set (z} ™) and o5 5 0 6 5 1
for the augmented data set TéFCM 4 0 5 4 1
(z7FM), which can be
compared with corresponding ¢,/ 3 hg ho his hie iy
mean values: (7;) in the first 7, 0.18 | 582 | 0.82 | 0.09  0.00 | 6.00
rows e
T 0 6 1 0 0 6
M | 5 1 1 1 5
Ts, hs hs hie hy7
T 527 | 036 | 545 | 045
™M |5 1 5 0
M | 4 1 3 1
TS,, h8 hl() hl] hlZ h13 hl4 hlS
T 491 | 509 | 582 | 464 | 0.36 | 5.18 | 5.55
oM |5 5 5 4 1 5 5
oM 4 4 5 4 1 5 5

contrast, the corresponding features in FCPM-2 found types maintain their extremal
nature, stressing the ‘extreme’ nature of FCPM-2 prototypes,and consequently their
ability to identify the underlying types of clusters (and thus their stability over the
most ‘discriminating’ features), despite the presence of many new mid- and light-
scale patients. It is important to stress that the experiment has been conducted by
generating six distinct augmented data sets and that the underlying types found by
FCM and FCPM-2 are exactly the same for all of them.

This result shows that the FCPM keeps the knowledge of the syndromes in
situations at which less severe cases are present in the data set, whereas the FCM
does not. In fact, these results clearly outline the ‘extremal’ behavior of FCPM
prototypes in contrast to the central tendency of FCM prototypes.

6 Conclusion

The fuzzy proportional membership is not just a weight, as in classical fuzzy
clustering, but expresses how much the entities share the features of the prototypes.
The FCPM clustering criteria provide distinct forms of pertaining the observed
data points to the prototypes leading to two different cluster structures: central
ones (FCPM-0, FCPM-1), like in FCM, and extremal (FCPM-2), like the ones of
archetypal analysis.
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Table 8 Underlying types of mental disorders (tp, Tu, Ts,, Ts, ),
found by FCPM-2 for the original data set (z/ ") and for the
augmented data set (rh’F CPM). these values can be compared with
corresponding extreme values/ number of cases in the first rows
(t,/#), followed by the cardinality of cases

Tp hs hs ho hi3 hi7
T/# | GHT |00 |6/#11 | 6/4T | 06
f M6 0 6 6 0

7 FCPM | 6 0 6 6 0

Ty h3 hg ho hi3 his hi7

T/ H# 049 | 6/49 |0/46 | 0/#10 |O/4#11 | 6/#11

ofPM 1o 6 0 0 0 6

7 FePM 1 6 0 0 0 6

Ts, h3 hg hie hi7

T /# |58 (0T |66 | 048

P |6 0 6 0

7 FePM | 5 0 6 0

Ts, hg hio hiy hip his iy his
T/ |56 |SH8 649 |56 | OMT | 5/49 | 6/47
of P 6 6 6 6 0 6 6

7 FCPM | 6 6 6 6 0 6 6

The FCPM algorithm converges only locally as the FCM. The number of major
iterations in FCPM algorithm is rather small when it converges. On average, the
number of major iterations of versions of FCPM are smaller or of the same order
of those of the FCM. However, with a “wrong” number of pre-specified clusters,
FCPM-0 may not converge by shifting some prototypes to infinity.

The extremal behaviour of FCPM is explained by its sensitivity to the feature-
values that are farthest from the standard (the grand mean, due to the followed
standardization). This extremal behavior appears to be compatible with the notion
of “interestingness” in data mining [20, 22].

The ability of FCPM to recover its own cluster structure from data with a proper
designed data generator is a contribution for data-driven problem solving.

As future work, FCPM deserves to be applied to real data problems to study the
type of clustering problems the fuzzy proportional membership fits.
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Algorithmic Principle of Least Revenue
for Finding Market Equilibria

Yurii Nesterov and Vladimir Shikhman

Abstract In analogy to extremal principles in physics, we introduce the Principle
of Least Revenue for treating market equilibria. It postulates that equilibrium prices
minimize the total excessive revenue of market’s participants. As a consequence, the
necessary optimality conditions describe the clearance of markets, i.e. at equilibrium
prices supply meets demand. It is crucial for our approach that the potential function
of total excessive revenue be convex. This facilitates structural and algorithmic
analysis of market equilibria by using convex optimization techniques. In particular,
results on existence, uniqueness, and efficiency of market equilibria follow easily.
The market decentralization fits into our approach by the introduction of trades
or auctions. For that, Duality Theory of convex optimization applies. The com-
putability of market equilibria is ensured by applying quasi-monotone subgradient
methods for minimizing nonsmooth convex objective—total excessive revenue of
the market’s participants. We give an explicit implementable algorithm for finding
market equilibria which corresponds to real-life activities of market’s participants.

Keywords Principle of least revenue ¢ Computation of market equilibrium ¢ Price
adjustment ¢ Convex optimization ¢ Subgradient methods ¢ Decentralization of
prices ¢ Unintentional optimization

1 Introduction

We start with a celebrated quotation of Leonhard Euler (1744): “Nothing in the
world takes place without optimization, and there is no doubt that all aspects of
the world that have a rational basis can be explained by optimization methods.”
Rephrasing this in modern terms, the laws of nature can be derived by using extremal
(or variational) principles. Indeed, the laws are often first-order necessary optimality
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conditions for minimizing (or maximizing) a properly chosen potential function.
To illustrate this idea, let us consider the Newton law

mi = F, (1)

where r(7) is the particle’s position at time #, F’ the acting force, and m the particle’s
mass. The goal of classical mechanics is to solve this differential equation for
various forces: gravity, electromagnetism, friction, etc. For conservative forces
(gravity, electrostatics, but not friction), the force can be expressed as

F=-VV, 2

where the potential energy V(r) depends on the particle’s position. For this case, let
us define the potential function called action:

1 ml‘,.Z
A E / (T - V(r)) dt. 3)

The action represents the difference between the kinetic and potential energy of a
particle. The integrand in (3) is called Lagrangian

=2
def mr

Now, the Principle of Least Action says:

The true path taken by the particle is an extremum of the action.

In fact, it is an easy exercise from the calculus of variations to show that an
extremum of the action satisfies the Newton law. Note that Newton law comes from
the first-order variation of the action. Second derivative of the trajectory appears just
because of the integration by parts. So, Newton law for conservative forces can be
viewed as a first-order potential system. The least action principle (or Lagrangian
method) became extremely fruitful in all of physics, not just mechanics. Many
fundamental laws of physics can be expressed in terms of a least action principle,
e.g. electromagnetism, optics, special and general relativity, particle physics etc.
(see [1]). Recently in [21], the principle of least action has been applied to supply
chains linking variation in production to variation in net-inventory.

From the optimization perspective, the introduction of extremal principles
highlights the algorithmic aspects of laws. Instead of solving the law’s systems of
equations, we may consider iterative schemes for minimizing the corresponding
potential function. Of course, regarding physical laws it sounds like a philosophical
paradox: who minimizes the action, and by using what method? However, having
in mind the application of extremal principles in social sciences, this point of
view could be valuable. Namely, optimization methods for minimizing a potential
function provide behavioral dynamics. They explain how a social system eventually
arrives at a state which is described by the corresponding law. Although, Isaac
Newton remarked in 1720: “I can calculate the motion of heavenly bodies, but not
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the madness of people,”—we pursue exactly this goal, at least in some particular
economic setting. It will turn out that the economic behavior of people is not as mad
as it may look like.

In this paper we introduce and exploit extremal principles for the economic law
of supply and demand. The latter says that at a competitive market supply meets
demand at an appropriate price, i.e.

Y owe=) & 4)
k i

where y; is kth producer’s and X; is ith consumer’s bundle of goods, respectively. It
is also common to refer to (4) as the market clearing condition. Here, ¥, € Si(p) is
kth producer’s supply operator, and X; € D;(p) is ith consumer’s demand operator
at a price p. Hence, the law of supply and demand can be equivalently written as an
inclusion problem

0 Sip) =D Dilp). )
k i

Solutions of (5) are called equilibrium prices. Together with corresponding produc-
tion and consumption bundles, they form market equilibrium (e.g., [8]).

The role of prices in balancing supply and demand is well-known in economics
since Adam Smith. As Milton Friedman pointed out in [2]: “Adam Smith’s flash
of genius was his recognition that the prices ...in a free market could coordinate
the activity of millions of people, each seeking his own interest, in such a way as
to make everyone better off.” Mathematically, this coordination may be explained
by the fact that prices act as dual or Lagrange multipliers for the market clearance.
In accordance with the latter, our main assumption states that supply and demand
operators can be expressed as convex subdifferentials:

Sk(p) = 9ék(p),  Di(p) = —06i(p). (6)

&1 (p) is kth producer’s excessive profit, and &;(p) ith consumer’s excessive wealth.
Note that the subdifferentiability assumption (6) has the same mathematical mean-
ing as the assumption of dealing with a conservative force (2). Let us define the
potential function called total excessive revenue:

def

P E S G0+ 60). %
k i

In our framework, the total excessive revenue represents the Lagrangian w.r.t. the
market clearance. Now, we are ready to state the Principle of Least Revenue:

Equilibrium prices minimize the total excessive revenue of market’s participants.

In fact, the first-order necessary optimality conditions for minimizing the total
excessive revenue give us the law of supply and demand (5). The latter is due to
the subdifferentiability assumption (6). Further, it is crucial for our approach that
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the potential function of total excessive revenue is convex. This opens up for struc-
tural and algorithmic analysis of market equilibria by using convex optimization
techniques. E.g., the Walrasian titonnement, as suggested in [19], states that prices
change proportionally to the excess demand, i.e.

P €D Dip) =Y Sip).
i k

Under assumption (6) the Walrasian titonnement becomes a subgradient system

pe—dEQp).

Its discretized version is

plt + 1] = plf] = AV E (plt) ,

with time ¢, step-sizes h[f], and excess supplies V& (p[t]) € 0& (p[t]). This
corresponds to the standard subgradient scheme for the convex minimization
of &. In absence of assumption (6), the Walrasian titonnement is fraught with
severe problems. These relate, on one side, to communication, implementation,
interpretation, organization and, on the other side, to stability and definiteness, see
e.g. [8] for details.

The paper is organized as follows. In Sect.2 we describe the excessive revenue
model for a competitive market from [14]. We show that the least revenue principle
applies to the excessive revenue model. Based on this fact, existence, uniqueness
and efficiency results for market equilibrium follow. In order to minimize the total
excessive revenue, quasi-monotone subgradient methods for nonsmooth convex
minimization from [13] are presented in Sect. 3. They guarantee the best possible
rate of convergence for the whole sequence of test points rather than of their
averages. This fact allows us to prevent uncontrollable jumps of the function values
at some iterations. Moreover, the sequence of record values does not enter the com-
plexity bound. This is crucial for the applicability of quasi-monotone subgradient
methods in our economic setting. Indeed, the values of the total excessive revenue
are not available to market’s participants. By using quasi-monotone subgradient
methods, we explain in Sect. 4 how equilibrium prices can be successively adjusted.
For that, we concentrate on

* the regulation design: regulator settles and updates prices which are taken by
producers and consumers;

* the trade design: producers settle and update their individual prices, and con-
sumers buy at the lowest purchase price;

* the auction design: consumers settle and update their individual prices, and
producers sell at the highest offer price.
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Notation. Our notation is quite standard. We denote by R” the space of n-
dimensional column vectors x = (x(V), ..., x™)7, and by R", the set of all vectors
with nonnegative components. For x and y from R", we introduce the standard scalar
product and the Hadamard product

n
() = a0, oy = (y0)., e
i=1

Finally, a4 denotes the positive part of the real value a € R: a;x = max{a, 0}.
T
For x = (xV, ... x")7T e R” we denote x; = (xg),...,ng)) . For vectors

pi,-...,px € R", denote by ; n11in1< pr € R" the vector with coordinates

.....

()
. . 0
= , =1,...,n.
(k:llll,l.?.ka) g P "

For the vectors py,...,p; € R", we denote by rr}ax pi € R" the vector with
=10

coordinates

2 Excessive Revenue Model

Let us present the excessive revenue model of competitive market from [14].

2.1 Producers and Consumers

Consider a market with K producers, which are able to produce n different goods.
Given a vector of prices p € R”, the kth producer forms the supply operator Sy (p)
of production bundles y; € R, . For that, the kth producer maximizes the profit with
respect to the variable cost, subsequently trying to cover the fixed cost. Namely,

* Producer k € {1,..., K} chooses first the tentative production bundle y, € R,
by solving the profit maximization problem:

7 (p) £ max (p, ye) — cx () ¥
V€%

Here, %, C R, is the production set, assumed to be nonempty, compact and
convex. The producer’s yield is (p,y;). The variable cost of producing yj is
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denoted by ci(yx). We assume that ¢ is a convex function on R”, . Clearly, the
profit m;(p) is convex in p as the maximum of linear functions. By %;*(p) we
denote the set of optimal solutions of (8), i.e. yx € %;*(p). Note that the profit
maximization problem (8) appears already in Marshallian partial equilibrium
analysis, see e.g. [8].

¢ Secondly, the kth producer compares the profit m;(p) with the fixed cost of
maintaining the technological set %, denoted by xy = (%) € R4. The
latter can include the interest paid to the bank, different charges for renting the
equipment, land use, etc. By this comparison, a participation level oy = ax(p) €
[0, 1] of kth producer is properly adjusted:

def | 1, if me(p) > Ky,

%P =0 0 if () < ke

€))

In case ;. (p) = ki, o (p) € [0, 1] is not unique and may vary. We call producers’
participation levels satisfying the relation (9) proper.
* Finally, the supply operator S : R”, = R" of kth producer is given by

Sic(p) € {5k = won | o = ex(p) and i € %X (p) ). (10)
Here, the production bundles are

~ def
Yk = Ok Yk,

where o = oy (p) is the proper participation level of the kth producer, and y; €
%.* (p) is the tentative production.

Let I consumers be active at the market. The ith consumer has to decide on the
consumption bundle ; € R’ . These consumption bundles form the demand D;(p),
given the price p € R’,. The ith consumer minimizes the expenditure with an aim
to guarantee the desirable utility level. Then he tries to cover this expenditure by the
available wealth. Namely,

e Consumer i € {1,...,I} decides first on the tentative consumption bundle x; €
R’ by minimizing expenditure:

ei(p) & min (p,x;) = min (p,x;), (11
xi €X; X € Zi
ui(x;) > u;

where the ith consumption set is

def
2= {xi € Xilui(x) > u;} .
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Here, X; C R’ is assumed to be nonempty, compact and convex. By u; :
X; — R, we denote the utility function of the ith consumer, assumed to be
concave. The utility level u; € R, is desirable by ith consumer. The consumer’s
expenditure ¢;(p) is concave in p as the minimum of linear functions. By Z;* (p)
we denote the set of optimal solutions of (11),i.e. x; € Z;*(p). The minimization
of expenditure in (11) is well-known in economics as a dual problem for
utility maximization. The desirable utility level u; mainly reflects the consumer’s
standards on qualities of goods. In [18] the agent who faces the expenditure
minimization problem (11) is called the dual consumer. The dual consumer
usually acts on regular basis, thus, generating the flows of consumption. We also
refer to [5, Chap. 10] and [7] for more details on the dual theory of consumption.
The compactness assumption on X; refers to the fact that the consumption is
bounded. Naturally, there are physical limits to what people can consume in
order to satisfy their basic needs. The unbounded desire for wealth is not an
issue here, since the wealth w; is a primitive in our model (see below and confer
the discussion on this assumption in [17]).

* Secondly, the ith consumer compares the expenditure ¢;(p) with the available
wealth w; € R The latter can include the budget, salary and rent payments, etc.
By this comparison, a participation level 8; = B;(p) € [0, 1] of ith consumer is
properly adjusted:

def | 1, if e;(p) < wy,

IBl(p) B 0, if e[(p) > wi. (12)

In case ¢;(p) = w;, Bi(p) € [0, 1] is not unique and may vary. We call consumers’
participation levels satisfying the relation (12) proper.
* Finally, the demand operator D; : R, = ", of ith consumer is given by

def (~ *
Di(p) = {& = Bix; | Bi = Bi(p) and x; € Z7*(p) } . (13)
Here, the consumption bundles are

~ def
Xi = lgixi»

where B; = B;(p) is the proper participation level of the ith consumer, and x; €
Z* (p) is the tentative consumption.

For the sake of convenient navigation along the text, we list model’s data and
variables:

There are two non-standard ingredients in our model which need to be explained
and thoroughly justified. The first concerns the expenditure minimization prob-
lem (11) with the given level u; of desirable utility. The second deals with the proper
adjustment of participation levels o and f; in (9) and (12), respectively.

(1) Expenditure minimization and responsible consumer
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Data Variables

s Production set P Prices

ci(+) | Variable cost function | y; Tentative production bundle
Kk Fixed cost o Producer’s participation level
X Consumption set Vi ] oy, | Production bundle

u;(+) | Utility function X; Tentative consumption bundle
u; Utility level Bi Consumer’s participation level
w; Available wealth X &f Bix; | Consumption bundle

The minimization of expenditure in (11) is well-known in economics as a dual
problem for utility maximization (e.g. [8]):

vi(p, w;) L ax u;(x). (14)
X € X;
(p.xi) < wi

Namely, under some technical assumptions if x; solves (14) then it also solves (11)
with u; = v;(p, w;). Conversely, if x; solves (11) then it also solves (14) with w; =
(p, x;). In our setting the desirable utility level y; is given, thus, it is a primitive of
the model. It mainly reflects the consumer’s standards on qualities of life. Hence, it
does not explicitly depend on the wealth w; as in the classical setting. Note that we
model wealth effects by subsequent comparison of w; with expenditure ¢;(p) rather
than by the usual budget constraint (p, x;) < w; as in (14) (cf. also the discussion in
(2) below). The introduction of desirable utility levels u; as primitives is the main
departure from the usual consumption model (14). This is the crucial point in our
market modeling which postulates in the sense that consumer’s objectives become
monetary, hence transferable. As we shall see in Sect. 2.3 below, this fact implies
that supply and demand operators can be expressed as convex subdifferentials, i.e.
assumption (6) be valid.

Now, let us explain why in some interesting situations the desirable utility level
u; is explicitly available to consumers. For many daily goods there are physical
standards to be satisfied. They constitute the so-called minimum standards of life.
Additionally, some consumers often accept standards imposed by the society, e.g.
through advertisement, their friends or family members. E.g., it became evident
that some consumers use to shrink their usual consumption motivated by ecological
reasons. Also experienced consumers, who go shopping in a supermarket say on
a weekly basis, know the standards of their living. Overall, we may think of
a responsible consumer who does care about the own expenditure. Namely, the
consumer is not willing to spend more than necessary to satisfy the given standards.
Thus, such a consumer tries to minimize the expenditure while guaranteeing the
standards.

(2) Adjustment of participation levels and long-term behavior
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Note that there is evidence from behavioral economics that consumer’s choices
need not be consistent with the maximization of a preference relation (see [9] and
references therein). The reason for that is usually referred to as consumers’ bounded
rationality. Classic examples include status-quo biases, attraction, compromise and
framing effects, temptation and self-control, consideration sets, and choice overload.
Due to the proposed approach, the demand operator is consistent with the long-term
behavior of responsible consumers. In our model, the production and consumption
bundles, the consumer’s wealths, and producers’ costs are considered as constant
flows. This means that we get the same amount of corresponding objects in each
standard interval of time (say, 1 week). Thus, our economy can be seen as stationary.
If the income of a person or a firm during this interval is greater than the expenses,
then he/she can ensure a constant rate of growth of the own capital. In this profitable
case, we have: oi(p) = Bi(p) = 1, i.e. producers and consumers implement
their tentative bundles. If the income is strictly less than expenses, then the
producer/consumer must leave the market sooner or later, i.e. ax(p) = Bi(p) = 0.
This is true both for producers (bankruptcy), and for consumers (emigration from
this market). We refer to those agents as being bankrupt. If the regular income is
equal to the regular expenses, then tentative production and consumption bundles
may shrink due to participation levels o (p), B;(p). In this marginal case, producers
and consumers usually have a(p), B;(p) € (0, 1). With probability one they neither
fully participate in economic activities nor quit the market. In what follows, we give
a behavioral explanation on how «(p), 8:(p) are adjusted. Note that marginal agents
reach their break-even point at current prices p, hence, they make neither a profit nor
a loss. For a marginal producer it means that the corresponding profit is equal to the
fixed costs: m(p) = k. Net saving of a marginal consumer is zero, i.e. the own
wealth is equal to the minimal possible expenditure: w; = ¢;(p). Hence, for p = p
the break-even point will be mainly shifted either to profitability or bankruptcy. This
reflects the existence of poverty in the society. Marginal producers face at nearby
prices p ~ p

either m(p) > Kkx or m(p) < ki,
and marginal consumers face
either w; > ¢e;(p) or w; <ei(p).

Hence, sometimes marginal producers/consumers can implement their tentative
bundles, i.e.

ar() =1, Bi(p) =1,

and sometimes it is not possible, i.e.
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The particular 0-1 values of a(p) and B;(p) depend on the individual history
of successes and failures for producers and consumers, respectively. To be more
concrete, let us consider some price adjustment process p(z) — p with discrete time
t — oo. Now, the participation levels oy (p), B;(p) can be viewed as frequencies of
agents’ successful and failed attempts. Indeed, by averaging and taking the limit we
obtain the participation levels:

1 < 1<
P Zak(ﬁ(s)) — ax(p), - Zﬂi(f?(s)) — Bi(p) fort — oo.
s=1 s=1

This interpretation of participation levels as frequencies is based on the long-term
behavior of the agents. Our analysis of the price adjustment process from Sect. 4
confirms this interpretation. Namely, the limits above actually define o (p), B:(p) as
frequencies obtained during the price adjustment.

Let us address the question why marginal agents do not quit the market although
they eventually implement only a share of their tentative production/consumption
bundles. As a consequence marginal producers do not fully exploit their available
capacities and cannot cover the fixed costs. Marginal consumers do not spend all
their available wealths and cannot reach the desirable levels of utility. Nevertheless,
these agents stay at the market since they actually do not know that they are
marginal. During the price adjustment, the only available information is their
individual history of successes and failures while attempting to produce and to
consume. With above notation, at time ¢ they know a 0-1 sequence of a(p(s)) and
Bi(p(s)), s = 1,...,t This particular history depends on many factors, as their luck,
current prices, particular actions of other agents, etc. From time to time, marginal
agents succeed to implement their tentative production/consumption bundles, but
occasionally they fail. This unsure market environment causes marginal agents to
temporally reduce consumption and to wait for “fair prices”. Such a behavior is
typical for poor people, and we can treat their fractional participation levels o (p)
and B;(p) as a measure of poverty. A hidden, but very important, consequence of
this marginal behavior is a possibility to clear the market as we shall see in Sect. 2.2.
We conclude that the marginal agents play a crucial role in our approach to market
modeling.

Overall, the participation levels a(p), B:(p) are indicators of economic viability.
These items account for most important, but non-standard features of our market
model. Their inclusion is one of the chief novelties of the paper.

2.2 Equilibrium Market Flows

In accordance to the previous notations, we eventually say that the market flow

F = (Gr = ez, . Gi = Bx)))
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is defined by the triple (p, F, y). Here, p € R} is the vector of prices,

K 1
((yk)k lv(xt i= 1 1_[ 1_[%
k=1 i=1

is the tentative market flow, and

y = (@)= (Biizy) € [0, 1

is the proper system of participation levels (w.r.t. p and F), i.e.

o) =

l’if (p7yk>_ck(yk)>lckv ﬂ_ l,if (p,-xi) <Wi,
0,if (p.yk) — ) <k~ ' L 0.if (p.xi) > wi

Now we define the partial market equilibrium in the standard way.

Definition 1 (Market Equilibrium). We say that p* € R" is the equilibrium price
if there exists a market flow

= - K -
Fr= (61 =i, G = Brad)iz,) € Hsk<p> HD(p)
satisfying the market clearing condition
K I K I
pr=0, Y F-D X =0 <p*,Z§,’;—Z%;‘>=0. (15)
k=1 i=1 k=1 i=1

In this case, F* is called the equilibrium market flow. Setting

Y= ((O‘:)f=1 ’ (ﬂ;k)f=1) ’

we call (p*, y*,F*) the market equilibrium.

The market clearing condition (15) states that the consumption never exceeds the
production, and the markets of goods with positive prices (p) > 0) are perfectly
cleared:

K I A
Z ~*(j) Z;C;‘(/)
k=1 i=1
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2.3 Principle of Least Revenue

Given a vector of prices p € R” , producers maximize their profits and consumers
minimize their expenditures. Afterwards, both properly adjust their participation
levels by comparing the profits with the fixed costs, in case of producers, or by
comparing the expenditures with the wealths, in case of consumers. Exactly the
same behavior can be obtained by maximizing their excessive profits and excessive
wealths, respectively.
The excessive profit of the kth producer is set as
&(p) E (re(p) — k)4 = max ((p.y) — cx (%) — ki) (16)

Yk € %

Using the substitution y;, = oy, we obtain

6(p) = (m(p) — ki) = afrelﬁ)xu o (m(p) — ki) =

max o ((p,yk> — ck(yk) — Kk) = max (p,j/k) — O Ck G)k/oek) — UK.
a, €10,1] ar €1[0,1]
Yk € % Yk € %

Note that the maximization problem

(p) = max (p,yr) — axcr (/o) — ke
o €10,1]
Vi € ax%

is convex, and its set of optimal solutions consists of proper participation levels
oy and production bundles y;. Moreover, & (p) is convex in p as the maximum of
linear functions. Hence, the convex subdifferential of the excessive profit & gives
the supply Sy of the kth producer, i.e.

3k (p) = Si(p). A7)

The latter follows e.g. from [22, Theorem 2.4.18] on the convex subdifferential of a
max-type function.
Analogously, we define the excessive wealth of the ith consumer as follows:

&EP)E wi—eip))y = max (w;— (p,xi) - (18)

xi € Zi
Using the substitution X; = f;x;, we obtain

&i(p) = wi—ei(p))y = ﬁfrel%{cl]ﬁi (wi —ei(p)) =

max f; (w;— (p,x;)) = max Bw;,— (p,X;).
Bi€[0,1] Bi€[0,1]
x;i € Z; X € BiZi
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Note that X; € §;Z; means
X; € BiX; and u; (X;/Bi) > u;.

In particular, the so-called perspective function B;u; (x;/B;) is jointly concave in
(X, Bi), e.g. [4]. The maximization problem

&ip) = max fiw; — (p,Xi)
Bielo.1]
%€ pi2;

is convex, and its set of optimal solutions consists of proper participation levels §;
and consumption bundles X;. Moreover, &;(p) is convex in p as the maximum of
linear functions. Hence, the convex subdifferential of the excessive wealth &; gives
the opposite demand D; of the ith consumer, i.e.

d&i(p) = —=Di(p). (19)

The latter follows also from [22, Theorem 2.4.18].
Overall, we define the fotal excessive revenue as the sum of excessive profits and
excessive wealths:

K 1
EPYE D EP) + Y EP). (20)
k=1 i=1

Note that function &(-) is convex since it is a sum of convex functions. Moreover,
its convex subdifferential represents the excess supply due to (17) and (19).

Remark 1 (Homogeneous Case). For the homogeneous case we can give yet
another explanation why marginal producers and consumers still stay at the market.
Let us assume the homogeneity of the kth producer’s cost function ¢ (), and the
homogeneity of the fixed cost kx(-), i.e.

k(@?) = ak (%), o €]0,1].
Then,

&) = max (P, y) — ek Ok) — kr (k).

a €[0,1], % € %%

For a marginal producer with &;(p) = 0, this means that his activity, even within
the maximal technological set %} does not generate any profit. The situation is not
changing if the production activities (the set %) will be proportionally reduced by
a factor o € [0, 1]. Thus, it is natural to admit that in this marginal situation the
producer can work with a reduced technological set ;% by producing y; € o;%.
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By doing so, he cannot cover the share (1 — o)k of the fixed cost. However, his
unused capacities amounting to (1 — ax)%; can be eventually exploited at other
markets.

Now, we assume the homogeneity of the ith consumer’s utility function u;(-), and
that X; = R’ . Then,

&(p) = max Biwi — (p, i) .
Bi€l01], x>0
u; (X;) > Biw;

If the excessive wealth of a consumer is zero, then again, there is no special reason
to allocate all the wealth w; to this expensive market. The consumer can admit to
spend here only a part of it, namely 8;w; with some §; € [0, 1], which is sufficient to
guarantee the share B;u; of his desirable utility level. Note that this does not change
the zero level of the excessive wealth. The remaining part (1 — §8;)w; of the wealth
can be used then at other markets. O

By application of [15, Theorem 23.8] on the subdifferential of the sum of convex
functions, we obtain:

Theorem 1 (Excess Supply and Total Excessive Revenue). Forp € R, it holds:

K 1
160 =Y Sip) = Y Dilp).
k=1 i=1

Proof. We apply [15, Theorem 23.8] on the subdifferential of the sum of convex
functions in order to obtain

K 1
BE(p) = ) 06k(p) = D i (p).
k=1 i=1

Together with (17) and (19) the assertion follows. O
Theorem 1 allows us to characterize equilibrium prices as minimizers of &.

Theorem 2 (Principle of Least Revenue). p € R’ is a system of equilibrium
prices if and only if it solves the following convex minimization problem:

min &(p). @P)

n
pe]R+

Proof. 1. Assume that p* € R”" is an equilibrium prices. Then, in view of
Definition 1, there exists an equilibrium market flow

K I
F* = ((5’;:)2;1 , (5%*);1) € l_[Sk(P*) X l_[Di(P*),
k=1 i=1
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satisfying the market clearing condition
K 1 K 1
pao S-ywse (- Yw) -0
k=1 i=1 k=1 i=1

Denote {* = Zszl Ve — Zle X;. In view of Theorem 1, {* € d& (p*). Since &
is convex in p, for all p € R’} we have:

Ep) —EP™) = (§%.p—p) = ({{".p) = 0.

Thus, p* minimizes the total excessive revenue.
2. Assume that p* € R’ is optimal for the minimization problem (P). Then there
exists £* € d&(p*) such that

(¢*.p—p*) =0, forallpeRR].

Considering p = 0 and p = 2p*, we conclude that (¢*, p*) = 0. Consequently,
¢* € R’,. Again due to Theorem 1, there exists a market flow

K 1
P = (69)i- 61y ) € [Ts:0m < T2,
k=1 i=1

such that
K I
= -
k=1 i=1

Hence, F* satisfies the market clearing condition, meaning that it is actually an
equilibrium market flow. In view of Definition 1, p* is an equilibrium price. O

2.4 Existence

Theorem 2 says that equilibrium prices correspond to optimal solutions for the
minimization problem:

min &(p). P)
pE]R'_',’_

This is the key to provide existence results for equilibrium prices. We denote by P*
the set of equilibrium prices. Let us introduce productive markets, at which the set
of equilibrium prices P* turns out to be nonempty and bounded.



396 Y. Nesterov and V. Shikhman

Definition 2 (Productive Market). A market is called productive if there exist
subsets of producers .# C {1,...,K} and consumers .¥ C {l,...,L}, such that
the corresponding production and consumption flows

(Fiher - Gilier) € [[ %< [ %

kex’ i€Z

establish positive balances for goods:

PRI @1

kex i€Z

The market productivity means that there are some producers who can oversup-
ply some consumers’ needs.

Theorem 3 (Existence and Boundedness of Equilibrium Prices). At the produc-
tive markets, the set of equilibrium prices P* is nonempty and bounded.

Proof. Due to Theorem 2, equilibrium prices in P* form the set of optimal solutions
of the minimization problem (P). We show that the latter set is bounded. For that,
it is sufficient to prove that the level sets of function &(-) are bounded. Denote

£€= ) ¥ — ) X.Forallp e R’ we have
ket i€Z

&(p)

K L
k; [7(p) — il + ; wi —ei(p)]+

> > [7(p) — K]y + > i —ei(p)]+
ke ey

> > () —ke+ 2 wi—eilp)
ke iew

> Y (p ) —aGr) — ki) + D0 (wi — (p, %;)
ke e

=Y (ke + () + X wi+ (E.p).

kext’ i€Z

Since § > 0, the intersection of the level sets of function & with R”, is bounded.
As a direct consequence of Theorem 2, we state the following result.

Theorem 4 (Convexity of Equilibrium Prices). The set of equilibrium prices P*
is convex.

Further, we formulate additional assumptions in order to guarantee that our
market indeed works, i.e. the equilibrium prices do not vanish. Due to Theorem 2,
we need to ensure that the optimal solution p* of the minimization problem (P) is
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not at the origin. For that, we introduce the following condition rejecting the Zero-
Cost Production (ZCP):

If apkr + ey G}k/ak) = 0 with y; € ;% and o, € [0, 1], then y, = 0. 22)

This condition is automatically satisfied for x; > 0. If k; = 0, then (22) implies that
for the kth producer there is no nonzero production plan with zero production cost.
Recall that

&(p) = max (p,yx) — axck (Gi/on) — ok, (23)
o, €10,1]
Yk €

Therefore, condition (22) implies that d&;(0) = {0}. Note that y, = O if ¢xy = 0
in (23), hence, the term o, (V¢ /y) is set to vanish in this case.
Assume now that the wealth w; of ith consumer is positive. Since

&i(p) = max [Bw; — (p,xi),
Bi€l0,1]
X € BiZi

we conclude that 0&;(0) = —Z;. Thus, we have proved the following statement.

Lemma 1. Let all producers satisfy ZCP-condition, and the wealths of all con-
sumers be positive. Then,

0£(0) = — i Z:. 24)

i=1

Corollary 1 (Nonzero Equilibrium Prices). Existence of a consumer with
nonzero life standard is sufficient for having p* # 0.

Proof. Indeed, assume that p* = 0. In view of the first-order optimality conditions
for (P), there exists £* € d&°(0) such that

(§*.p) =0 Vp=o.

L
Hence, £* = — )" x} > 0 for some x}" € 2. Therefore, all x; = 0, implying zero
i=1
life standards for all consumers.
It is interesting that the last statement is formulated only in terms of consumption
standards. This confirms the primary role of demand in generating supply.
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2.5 Efficiency

Let us present the first welfare theorem for equilibrium market flow. We are going to
prove that any equilibrium market flow is efficient in the sense of Pareto optimality.
This means that no producers or consumers can improve the gain (excessive profits
and excessive wealths, respectively) without worsening the gain of some others. Let
us start from the definition of feasible market flows.

We recall that for a given vector of prices p € R’} and a tentative market flow

K L
F= <{yk}kK=1 ) {xi},{‘=1) € 1_[ P x l_[ i,
k=1 i=1
the system of participation levels y = ({ak}kK:] ,{ﬁi}f:,) € [0,1]¥+E is called

proper (with respect to & and F) if it satisfies the following conditions:

o = { 1, if (pvyk) —Ck()’k) > Kk,
0, if {p, y) — cx (k) < k.

b = 1, if (p,x;) < w;,
"0, if (pox) > w;

Such a triple (p, F, y) defines a real market flow
F= (‘@k = yiee K = ,BiXi}iL=1> :
Definition 3 (Feasible Market Flow). The real market flow
F= (6wl k).

defined by the triple (p, F, y), is called feasible if it satisfies the market clearing
condition:

Note that an equilibrium market flow is in particular feasible.

Definition 4 (Pareto Optimal Market Flow). A feasible market flow F, defined
by the triple

(rF = (D0 tati)) . y).
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is called Pareto optimal if there is no feasible market flow F’ defined by another
triple

K L
(pl’F/ = <{y;c}k=l ’ {x;}i=l> ’V/)
such that all inequalities

(P V) — a0 — )+ = (P i) — ) — k) +.k=1...K,
(25)

Wi = {p' XD+ = Wi = (p,xi) 4, i=1...L,

are satisfied, and at least one of them is strict.

Note that we define Pareto optimality with respect to excessive profits and
excessive wealths. In our model they play a role of objective functions of the agents.

Theorem 5 (Efficiency of Equilibrium Market Flows). Any equilibrium market
flow is Pareto optimal.

Proof. Using notation of Definition 4, let F* be the equilibrium market flow defined
by the triple (p*, F*, y*). Assume that the inequalities (25) are all valid for some
feasible market flow F’ defined by the triple (p’, F’, y’). And let at least one of these
inequalities be strict. For p € R and F € £ dof ]_[kK:1 Y x ]_[lL: | %, define the
function

K L
e(p. F) =Y ((p. 1) — k) = k)4 + Y_(wi — (p. i)+

k=1 i=1

In view of our assumption, ¢(p’, F') > ¢(p*, F*). Since p* is an equilibrium price,
in view of Theorem 2 and definitions (16), (18) we have:

* F*) =mi F) = ing(p, F) > ming(p, F).
(™. FY) rggr‘yeagw(p ) rgleagrggwp )_r;lzlgw(p )

It remains to note that the market clearance condition for the flow F’ is exactly the
necessary and sufficient characterization of point p’ as the optimal solution to the
latter minimization problem. Therefore, ¢ (p*, F*) > ¢(p/, F’), a contradiction.

In view of Theorem 2, equilibrium prices minimize the total excessive revenue.
Let us prove a very intuitive result that its optimal value is equal to the difference of
the real consumers’ wealths and the real producers’ costs.

Theorem 6 (Total Excessive Revenue of the Market). Let p* be an equilibrium
price, and

Fr = ((&,’: = WZYZ)kK=1 ) (551* = IBz‘*x;ﬁ)l[':l)
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be an equilibrium market flow defined by the triple (p*, F*, y*). Then,

1 K
EP*) =) Brwi— Y af(c0) + ) = 0.

i=1 k=1

Proof. It holds:

£ = X (") - ) — i)y + X (= ),
= Yo ("ot =) ) + 1 A7 (= ()

K I
<p Zakyk Zﬁi*xi*>—Za,f(ck(y,f)—i-/{k)—l—;ﬂ?‘wl*

i=1

In view of the market clearance condition, we have

<p Zakyk iﬂ;*xlf">=0~

i=1
This gives us the desired expression for optimal value of &. It is nonnegative since
all terms in its definition (20) are nonnegative.

Note that the nonnegative value
I K
EP*) =Y Biwi— 3 o (eey) + ki) (26)
i=1 k=1

represents the total rate of accumulation of the capital within the market. In
general, equilibrium prices, market flows, and participation levels are not unique.

def .
Nevertheless, all of them ensure the same value of &* = & (p*). We call it the roral
excessive revenue of the market.

2.6 Welfare Maximization

In order to state the adjoint problem for (P), we set

def ~ def

{/3}, 1,x—{xz}z 1

def th
“i{“k}k 1Y =

{yk}k 1B =

K K ! !
gﬁfn%(,a@gnak%»%gnf%’ﬁ% (léfnﬂi%'

k=1 k=1 i=1 i=1
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Here, «,  represent participation levels, and y, X represent production and
consumption bundles, respectively. Moreover, %/, 8.2  represent production and
consumption sets given the participation levels «, §, respectively.

The feasible set of the adjoint problem is formed by participation levels and
corresponding production and consumption bundles, i.e.

a2 @59

(@,y) € [0, 1] x a%
B.3) e0, 1) xp2 % '

Note that the set A is convex. Further, the following market feasibility constraint
needs to be satisfied:

K 1
Yow=) E @7)

k=1 i=1

meaning that the aggregate consumption does not exceed the aggregate production.
The objective function of the adjoint problem is

1 K
~ ~y def ~
D (0,5, 8,5 = Y Biwi— Y cwcr (/) + s,

i=1 k=1

expressing the difference between the aggregate wealth spent for consumption and
producers’ costs. Finally, we consider the welfare maximization problem

K 1
max G (@.5.8.%) | Y Fu= D & } : (A)
k=1 i=1

(..8.%) € &

In (A) the central authority assigns production and consumption bundles, as well
as agents’ participation levels. Moreover, it maximizes the welfare of the society
while ensuring the market feasibility. In order to state (A), the central authority
needs to know agents’ cost and utility functions, production and consumption
sets, etc. Obviously, this information about the agents is hardly observable to the
central authority. Consequently, it cannot be justified in general that the welfare
maximization problem is tackled directly. Nevertheless, note that the prices of
goods play the role of Lagrange or dual multipliers for the market feasibility
constraint (27), cf. already [3, 16] for similar interpretations. Hence, due to the
duality theory of convex programming, the welfare maximization (A) is the adjoint
problem for (P).

Theorem 7 (Adjoint for (P)). The welfare maximization (A) is adjoint for the total
revenue minimization (P):

min &(p) = max

: ® (e.5. B.5)
PeR; (@5.8.5) € o

i=1

K i
fok > Zii § :
=1
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We note that the productivity of the market from Definition 2 implies the standard
Slater condition for the adjoint problem (A).

We emphasize that the adjoint problem (A) of the welfare maximization can
hardly be solved directly. In order to construct its feasible set .27 and its objective
function @, a central authority should acquire the knowledge on producers’ costs
and their production sets, on consumers’ utility functions and their consumption
sets. It is clear that this is implementable only within a planned economy. Even in
this case, as we know e.g. from the history of communistic countries, producers
and consumers are reluctant to report their market constants to the authority. In fact,
they feel rather antagonistic about each other and about the authority, thus, trying
to keep their information private. In turn, our approach concentrates on the total
revenue minimization problem (P). By doing so, we explain how the free market
provides a welfare maximizing solution by a decentralized price adjustment. Here,
producers and consumers report only their individual supplies and demands to each
other while trading or auctioning. There is no need in a central authority, since the
price updates are performed by producers, in case of trade, and by consumers, in
case of auction. Finally, the price adjustment balances agents’ antagonistic behavior
leading to a market equilibrium.

3 Quasi-Monotone Subgradient Method

We first present quasi-monotone subgradient methods for nonsmooth convex mini-
mization from [13]. For that, we consider the following minimization problem:

< minf (), (28)

where X C R” is a closed convex set with nonempty interior intX, and f is a
convex function on R". Moreover, let f be representable as a maximum of concave
functions, i.e.

fx) = max D(a) + ¢(x,a), (29

where A C R™ is a compact convex set, (-, a) is a convex function on R” for every
a € A, and @, ¢(x, -) are concave functions on R™ for every x € X. Denote by a(x)
one of the optimal solutions of the maximization problem in (29). Then,

V() € Vo(x, ax)) (30)
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denotes a subgradient of f at x. This formula follows from the result on the
subdifferential of a max-type function, e.g. [22, Theorem 2.4.18]. Recall that for
an arbitrary subgradient Vf(x) at x € X of a convex function f we have:

fO) =f) +(Vf(x).y—x), yeX. (€2
Using the representation (29), we also have:
f* = minf(x) = min max [®(a) + ¢(x, a)] = max [@(a) ~+ min ¢(x, a)] .
x€X x€X a€A a€A x€X

The latter maximization problem

max [Cb(a) + I;’él)r(l o(x, a)] (32)

is called adjoint for (28) with the adjoint variable a € A.
For the set X, we assume to be known a prox-function d(x).

Definition 5. 4 : X — R is called a prox-function for X if the following holds:

* d(x) > 0 forall x € X and d(x[0]) = O for certain x[0] € X;
* d is strongly convex on X with convexity parameter one:

1
d(y) =z d(x) + (Vd(),y —x) + lly = x| xyeX, (33)

where || - || is a norm on R".
¢ Auxiliary minimization problem

glei;g {(z, x) + xd(x)} (34)

is easily solvable for z € R”, y > 0.

As a simple consequence of Definition 5, we have for x € X:
1 1
d(x) z d(x[0]) + (VA([0]). x —x[0]) + ~lx — x[0]))% = 5 Il = (0] [N CR)

For a sequence of positive parameters {y[]},~,, we consider the following
iteration:
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Quasi-monotone Subgradient Method
1. Take a current subgradient Vf(x[f]) = V,e(x[f], a(x[1])).

2. Accumulate subgradients z[¢f] = z[t — 1] + Vf(x[#]), z[-1] = 0. (SM)

3. Compute the forecast x*[f] = arg Ini)I(l {(zlt], x) + x[fld(x)} .
xXe

r+1
4. Update by combining x[t + 1] = L)c[t] +

x [
t+2 t+2

Note that from (SM) we have

t 1 t N
Z[1] ; Vi), x[t+ 1] . (x[O] + ;x [r]) .
Next Lemma 2 is crucial for the convergence analysis of the quasi-monotone sub-
gradient method (SM). It estimates the dual gap for the minimization problem (28)
and its adjoint problem (32) evaluated at the historical averages.
For that, we define the penalty term §, and the remainder term p,, t > 0, as
follows:

def . xl1]
8(a) = min {cp(x, a) + Py 1d(x) , €A,
wof 1 o 1 2
= \Y , —1] = x[0].
P D IV A= 0
Here, || - ||+ is the conjugate norm to || - ||, i.e.
def n
Islle & max (5.0 < el < 1}, s € R (36)

Further, we define the average adjoint state

1 t
a[t] déf t—l—_l Q(X[r])a [ 0.
r=0

Note that a[t] € A, since A is convex.

Lemma 2 is motivated by the estimate sequence technique (e.g., Sect.2.2.1 in
[10]) and is due to [13]. For the readers’ convenience its proof is postponed to
Appendix.
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Lemma 2. Let the sequence {x[t]},~, be generated by (SM) with nondecreasing
parameters

xle+1]1=xlf], =0 (37)
Then, for all t > 0 it holds:

J&[t]) — @(alt]) + 8i(ald) =< pr. (38)

We apply the quasi-monotone subgradient method (SM) in the following
setup (S1)—(S3). Let X = R", be equipped with the Euclidean prox-function

d(x) déf%Z(x@)z, xeX=R,. (SD)

J=1

Note that the corresponding norm in Definition 5 and its conjugate according to (36)
are

n n

P = 3 (0) L iz =) (s9)

J=1 J=1

Further, we assume that ¢ is linear w.r.t. x:

p(x.a) ==Y xVni(a). (S2)
=1
where 1 = (hj(-),j =1,...,n), are convex functions on R™. Then, the adjoint
problem (32) takes the form
f*= max {®(a) |ha) <0, j=1,....n}. (39)
acA

The maximization problem (39) is assumed to satisfy the Slater condition (e.g.,
[15]), i.e.

there exists a € A such that ij(a) < Oforallj=1,...,n. (S3)
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Under (S1)—(S3) we have in (SM):

V() = —haGd).
2 = =) h(ax[r])).

r=0
a1 1
= ey = o (; h(a(x[r]))) )
Here, the forecast x™[¢] is chosen to be proportional to the historical infeasibility.
Now we are ready to proceed with the convergence analysis of the method (SM)
under (S1)—(S3). Next Lemma 3 estimates the dual gap for the minimization
problem (28) and its adjoint problem (39) evaluated at the historical averages.

Lemma 3. Let the sequence {x[t]},, be generated by (SM) under (S1)~(S3) with
nondecreasing parameters
xlt+ 1] = x[d. 1=0.
Then, for all t > 0 it holds:
P~ +C1 A% <relD @@l + 55 iy (el <Co iy Yl 557 (40)

with positive constants Cy, Cy > 0.

The proof of Lemma 3 is postponed to Appendix. For the precise dependence of
constants C; and C; on the market’s data see (75) and (76) in Appendix.

In order for (SM) to converge, the parameters {y[]},., need to be properly
chosen. Next Lemma 4 identifies successful adjustment strategies of parameters.
Namely, the parameters monotonically increase over time, but by decreasing
increments.

Lemma 4. Let nondecreasing parameters satisfy

x[f = xlt—=11—0, x[f] — oo. 41)
Then,
{ |- 1
Ao 3 —0. 42)
t+1 t+1r=0)([r—1]

Moreover, the best achievable order of convergence in (42) is O (j)

For the proof of Lemma 4 see Appendix.
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Remark 2. As in the proof of Lemma 4, nondecreasing parameters can be written
in the cumulative form:

t

a0 =Y "+ x-1]

r=0
with increments ([f] > 0. Then, the convergence condition (41) means that
increments tend to zero and sum up to infinity, i.e.

o

(] = 0. Y uff] = 0.

=0

The latter coincides with the usual condition imposed on the step-sizes of the
subgradient method for nonsmooth convex minimization (e.g., [10]). However, in
our setting ¢[¢] play the role of incremental step-sizes. This gives rise to suppose that
the parameters y[f] can be formed by incremental learning (cf. [20]). In fact, the
parameter y|[f] increases over time, however, by decreasing increments ¢[t]. |

Now, we are ready to prove the main convergence result for (SM) under (S1)-
(S3).

Theorem 8 (Convergence of (SM)). Let the sequence {x[t]}~, be generated

by (SM) under (S1)—(S3) with nondecreasing parameters satisfying
xltl—xlt—1—0, x[f] — oc.

Then, {x[t]},5, converges to the solution set of the minimization problem (28).

Moreover; the average adjoint states {alt]},~, converge to the solution set of its

adjoint problem (39). The achievable rate of convergence is of the order O (JL;)
Proof. From Lemma 3 we obtain:

FelD—F*+C1 2 <pal) @@l + S5 S0 (h(al) <Co oy Yo 77y

This inequality is composed by the objective function f of the primal problem (28),
computed at the current iterates x[t], objective function @ of its adjoint problem (39),

computed at historical averages a[t], and the quadratic penalty Zj';l (hj(a[t]))i_ for
violation of the constraints:

hial]) <0, j=1,....n
Due to the choice of parameters y[t], Lemma 4 provides:

i - 1
M—>0, and Z — 0.
t+1 t+1 xlr—1]

r=0

Hence, the assertion follows. a

Now, we turn our attention to the case of constant and linear parameters.



408 Y. Nesterov and V. Shikhman

Remark 3 (Constant Parameters). Let the constant parameters be applied in (SM).
Let ¢ > 0 denote the tolerance for convergence of x[f] towards a solution of the
primal problem (28), and a[f] towards a solution of its adjoint problem (39). Our
goal is to indicate the number of steps 7(¢) and the parameters y(¢), in order to
guarantee the tolerance ¢ for this primal-adjoint process. For that, we apply constant
confidence parameters y[t] = y to obtain

Xl x 12’:1 1
t+1 41 ”*1¢0XV_1]_X'

Recalling (40), the order of convergence for the primal-adjoint process is

x 1
max ,— ¢ -
t+1 y

0 =0(5).xe=0(z).

x(&) 1)
“L@+r}®}_mﬂ

Choosing

we have

a

Remark 4 (Linear Growth of Parameters). Let us define the parameters in (SM) as
follows

1l = (t+ Do,

where 0 > 0 can be seen as a growth rate of parameters. For the forecast we have
then:

1
X[ = (; — Z h(a(x[r] ))) )

Here, the forecast x™ [¢] is formed proportional to the average infeasibility. We turn
our attention to the convergence of (SM) for this case. Recalling (40), the order of
convergence for the primal-adjoint process is

11 ‘1
P 1 - )
max{aa t+1< +§r)}



Algorithmic Principle of Least Revenue for Finding Market Equilibria 409

or equivalently,

1 Int
max o, — - .
o t+1

Thus, the primal-adjoint process converges up to a residuum O (o). O

4 Decentralization of Prices

Theorem 2 reveals the origin of equilibrium prices at the market. Namely, in order
to reach an equilibrium price one needs to solve the minimization problem:

min &(p). @)

n
pe]R+

Our goal is to explain how agents can efficiently tackle this nonsmooth convex
minimization problem by successively updating prices. This can be implemented
by introducing various price designs. In this paper, we focus on

* the regulation design: regulator settles and updates prices which are taken by
producers and consumers;

e the trade design: producers settle and update their individual prices, and con-
sumers buy at the lowest purchase price;

* the auction design: consumers settle and update their individual prices, and
producers sell at the highest offer price.

4.1 Regulation

It is crucial for our approach that the updates of prices correspond to subgradient-
type methods for solving (P). Due to Theorem 1, the subgradients V& (p) represent
the excess supply, i.e.

K 1
VEP) =Y yi— Y xi. wherey € Si(p).x: € Di(p). 43)
k=1

i=1

It can be seen from (43) that the subgradients of & are not known to individual
agents. Indeed, V& (p) represents the aggregate excess supply. For getting access
to its value, one would assume the existence of a market regulator who collects
the information about agents’ production and consumption bundles, and aggregates
them over the whole market. Here, the full information about production and
consumption over the market must be available to the regulator. Besides, the prices
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need to be updated by the latter, thus, leading to the price regulation. Clearly, these
assumptions can be justified within a centrally planned economy. This allows to
suppose that the regulator uses the subgradients V& (p) for updating prices. In what
follows, the quasi-monotone subgradient method for solving (P) from Sect.3 is
applied to this end.

Let the regulator choose a sequence of positive confidence parameters { x[]},- .
We consider the following iteration: -

Price Regulation (REG)

1. Regulator determines the aggregated excess supply V& (p[f]):

(a) kth producer computes an optimal tentative production bundle

(Pl € 27 (plt)).

and participation level

L, if m(plt]) > ki,

Pl = o 4 () < ki,

indicating whether y; (p[f]) is implemented.
The production bundle is a (p[f])yr(p[f]), i-e. either y(p[f]) or zero.
(b) ith consumer computes an optimal tentative consumption bundle

xi(pli]) € 27" (ple)).

and participation level

1, if e;(p[t]) < wi,

Aol = { 0, if e;(plt]) < wy,

indicating whether x;(p[t]) is implemented.
The consumption bundle is S;(p[f])x;(plt]), i.e. either x;(p[t]) or zero.
(c) regulator observes the current excess supplies

K I
VEP) =Y apypl) — Y Biplxi(pli)). (44)
k=1 i=1
2. Regulator accumulates the excess supplies

dqf] = 2t — 1] + VEPI). 2[~1] = o. 45)
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3. Regulator computes the price forecast w.r.t. the confidence parameter y[f]:

+(i)[ ] ;(/‘) (
PO =
xl

where ¢V are positive scaling coefficients.
4. Regulator updates

=), . j=1....n (46)

t+1 1
t+ 1= —pld+ —pTIt 47
ple+ 1= Sopll + 0" 47)
by combining the previous price with the forecast. O

First, we give an interpretation for the price forecast (46). Recall that z¢'[f]
represents the aggregated excess supply for good j accumulated up to time 7. If
D[] > 0, ie. supply exceeds demand, then p*?[f] = 0 for good j. In case
of zV[f] < 0, the price forecast pT@[f] is proportional to the accumulated and
aggregated excess demand with positive scaling coefficients V). Here, x[f] plays the
role of a confidence parameter. Namely, y[t]’s express to which extent the regulator
takes into account the excess demands while forecasting prices.

Secondly, let us interpret the price update (47). Due to the latter, the next price
is a convex combination of the previous price and the price forecast. With time
advancing, the proportion of the previous price becomes nearly one, but the fraction
of the forecast vanishes. Hence, we conclude that our price update corresponds to
a behavior of an experienced regulator. Such regulator credits the experience much
more than the current forecast. Further, from (47) we have

pv+11=;1}5<pmy+§jp+v0. 8)
r=0

The latter means that the prices generated by (REG) can be viewed as historical
averages of preceding forecasts. This averaging pattern is also quite natural to
assume for regulator’s behavior while adjusting prices. Moreover, as it will be shown
later, this price adjustment based on averaging successively leads to equilibrium
prices.

Along with the prices {(pi[t],....pk[t])},>o generated by method (TRA), we
consider the corresponding historical averages of participation levels:

ol = Zwmm il = Zﬁwm

Note that oy [f] € [0, 1] is the frequency of successful production attempts by kth
producer up to time 7. Analogously, B;[tf] € [0, 1] is the frequency of successful
consumption attempts by ith consumer up to time ¢. We denote by

yI = (el ) & (el (BIAY-)
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the system of average participation levels. The historical averages of production and
consumption bundles are defined as follows:

MW@ETZWWMMWW %mgﬁjiﬁ@WMWD

Due to convexity, yx[f] € ax[t]% and X;[t] € B;[t] Z;. We denote by

~ ~rq = def (- -

Fl) = Gl 5() & (Geldii, . Gl )
the average market flow. Overall, the sequence

(aft], 0], L] x[1]) € &7, 1=0,
is feasible for the adjoint problem (A).
Now, we are ready to prove the main convergence result for (REG).

Theorem 9 (Convergence of Price Regulation). Ar a productive market, let the
regulator apply in (REG) nondecreasing confidence parameters satisfying

= x[t=1—0, x[t] > oo.

Then, the sequence of prices, average participation levels, and the average market

Sflow
(ple]. y[1. Flr))

converges toward the set of market equilibria. The achievable rate of convergence

is of the order O (%)

Proof. The iteration scheme (REG) is a variant of the quasi-monotone subgradient
method (SM). Hence, we may obtain the convergence for (REG) by means of
Theorem 8. For that, let us discuss the applicability of conditions (S1)—(S3).

On (S1): The price forecast (57) can be derived by means of the Euclidean prox-
function for R", :

dp) < 1 Z ;U) ()"

In fact, for z[f] € R", x[f] > 0 we consider the minimization problem as from
step 3. in (SM):

min {(z[1]. p) + x[1]d(p)} .
p€R+
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Its unique solution is the price forecast (46) as from step 3. in (REG):

. é‘(i) ) )
ptOu = m (—ZU)[I])+, j=1....n

On (S2): It follows from Theorem 7 that the total excessive revenue is repre-
sentable as a maximum of concave functions:

&p)= max @ (a3, 6.5 +¢((P.y.%),
(ay,Br)ed

where
K 1
0 (5.5 = <p,zyk—zx,»>.
k=1 i=1

Note that ¢ is linear w.r.t. p. In particular, due to Theorem 7, the adjoint problem
for the total revenue minimization (P) is the welfare maximization (A).

On (S3): The welfare maximization problem (A) satisfies the Slater condition in
view of the market productivity (cf. Definition 2).

Overall, we apply Theorem 8 to deduce that p[t] converges toward the solution

set of (P), and (y 1], F[t]) converges toward the solution set of (A) by order O <\Lﬁ)

In view of the duality from Theorem 7, the assertion follows. a

4.2 Trade

Aiming to avoid the assumption of price regulation, we decentralize prices by
introducing the trade design:

kth producer settles and updates individual prices p;, and consumers buy at the lowest

Recall that for vectors py,...,px € R”, we denote by . nllin pr € R" the vector
=1..K

with coordinates

)
. . ) .
min = min , =1,...,n.
(k=l ..... ka) it PE
The trade design incorporates the feature of Bertrand competition, namely, that
consumers search for lowest prices, e.g. [8]. Following the framework of Bertrand
competition, we assume that consumers are able to undertake global price search

across the producers.
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For the trade design, the total excessive revenue depends on the producers’ prices
(Pr)i_, as follows:

zf(pl,...,pK)de&(mee”( min, i) =

we% - = xeZi\  \k=1..

I
Z max P yk) — i) ¢ + ;)Elne%é (Wi - <k=11111HKPk,xi>)+ . (49)

The decentralization of prices makes the corresponding subdifferential information
about excess demands available to producers. In fact, note that the total excessive
revenue & from (49) is convex in the variables (pk)kK:l. Let us obtain an expression
for its convex subgradients V,, &(py, ..., pk) W.I.t. pi:

1
Vo EPro..p) =5k — Y pao¥. k=1.. K, (50)
i=1

(n)
where [y o x; = (,ul(’) l(’)) . Here, y; € Si(pr) is the supply of kth producer w.r.t.
=1

.....

(Lia)tey € M (p1, ..., pK)

where

K
ZMU)Z

Olfp(’);é mm p

ji=1,..., ,k—l,...,K

def

M(p1,....px) = { (mie; € 0.1 W

Note that ;Lg;) can be interpreted as the share of ith consumer’s demand from kth

producer for good j. Indeed, the shares /L Y for good j sum up to 1 over all producers

k = 1,...,K. Moreover, the share /le) vanishes if the kth producer’s price p(’)

exceeds the lowest purchase price o nllm Di Y for good j.

We claim that the subdifferential information in (50) is known to kth producer.
First, note that y; is kth producer’s production. Despite of the fact that the shares 1,
and the demands X; cannot be estimated by kth producer, their aggregated product
Zle ik 0 X; is perfectly available to him. Indeed, Zle ik o X; forms the bundle of
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goods demanded by all consumers from kth producer. Altogether, the subgradients
Vo & (p1, ..., pk) represent the individual excess of kth producer’s supply over all
consumers’ demands. Overall, we obtain:

Theorem 10 (Producers’ Excess Supply and Total Excessive Revenue).

.....

I
0, EP1,....PK) =Sk(pk)_;ﬂik°Di (kznllinka), k=1,...,K,
with demand shares (/,L[k)kK=1 eM(pi,....px).-

Due to Theorem 10, the subdifferential of &(py, .. ., pg) is completely available
to kth producer. This fact suggests to adjust prices by solving the minimization
problem

min  &p1,...,px). (PD)
G]Rj_

Note that the minimization problem (PD) is stated w.r.t. the decentralized producers’
prices (pk)kkzl, while previously in (P) one minimizes over the common prices p.

We relate the minimization problem (PD) to (P). For that, let us call function
f(x), x € R", nondecreasing (nonincreasing) in x if f(x) > f(y) (f(x) < f(y)) for
any x = y.

Lemma 5 (Decentralization I). Let function of K + 1 vector variables

F(po,pl,...,p](), kaRn,k=0,...,K,

be (a) nonincreasing in po, and (b) nondecreasing in all other variables py, k =
1,...,K. Then,

min  F| min pg,pi,...,px | = min F(p,...,p).
Plo.PKERY k=1.....K PERY

a)

i F i e, =
min 3 (kznlnnKPk,Pl» PK)

pi.-.pkERY \k=1,...,
. b)
min _ AF(p,p1.....px) |[pk = p.k=1,... . K} =
PPk ERY
min F(p,...,p).
pERﬂ_

ad

Next Theorem 11 states that the minimization of the total excessive revenue
remains invariant under the trade design.
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Theorem 11 (Total Revenue and Trade). Problems (P) and (PD) are equiva-

lent, i.e.
min  &(py,...,px) = min &(p). (5D
pl....pKERY pERY
Moreover,
(i) if(pk),{(:1 solves (PD), then k_rrllinka solves (P),
(it) if p solves (P), then (p,...,p) solves (PD).
Proof. We set
K I
def
F(po.pr.....px) =Y 6 () + Y & (o).
k=1 i=1
Note that F is nonincreasing in pg, and nondecreasing in py, k = 1, ..., K. Applying
Lemma 5 and in view of
F( :minka,pu ,pK) =&/p1,....px), F(p,....p) = &),
(51) holds.
Let (po)X_, solve (PD). Then,
49

min &(p) < g( min pk) < &P1,...,PK)-

pGR'jr k=1,..K
By using (51), k_rrllinka solves (P).

Now, let p solvé (P). Then,
min i EWP1y...,px) <EWP,...,p) = EP),

Pliseens, p](GRJr

By using (51), (p, ..., p) solves (PD). O

Further, we show that the welfare maximization problem (A) turns out to be
adjoint not only for (P), but also for (PD). The proof of this fact uses the following

Lemma 6.
Lemma 6. Fory,,x € R, k=1,...,K, the inequality

K

Z)’k =X

k=1

is equivalent to

(52)

(53)
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Proof. (i) Let (52) be satisfied. For p; € erp k=1,...,K, we have

..........

The first mequahty is due to y; € R”, , and rrlnn Pk =pr.k=1,...,K. The

.....

,,,,,

(i1) Let (53) be satisfied. Setting there pk R” , We get

<p,2xk> (p.y) forallp e R,.

Hence, (52) is fulfilled. O

The welfare maximization (A) remains adjoint for the total revenue minimiza-
tion (PD) under the trade design.

Theorem 12 (Adjoint for (PD)). The welfare maximization (A) is adjoint for the
total revenue minimization (PD):

min  &p1,...,px) =
R

K 1
max @ (a,y,8,%) Z 223@}. (54)
(a,y,.%) € & k=1 i=1
Proof.
min  &(p1,...,px) =
p],....pKE]R"

pr.PKERY (0.5, 8.%) € o/

K
= min max D (a,y,8,%) + Z (Prs i) — < min pk, Zx,>

max D (a5, B.%) + m Z(pk,yk < manpk,Zx,>

(@5.8.%) € PropgERY = TN N =1

1
8
[
bl
S
?
<
=
a3
‘c?
T
<
z
%
/\
=)
5
"B
i*
3
\/

Sl for all p; € R +,k =1,...,

Applying Lemma 6, we get the assertion (54). O
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We describe how producers may efficiently adjust their individual prices (pk)f= 1
to arrive at an equilibrium price. This price adjustment corresponds to the quasi-
monotone subgradient method from Sect. 3. It is applied to the minimization of the

Y. Nesterov and V. Shikhman

total excessive revenue (PD) under the trade design.

Let kth producer choose a sequence of positive confidence parameters { x[t]},(.

k=1,...,K. We consider the following iteration:

Pricing via Trade

1. Producers determine their current excess supplies V,, & (p1[1], . . .. px[f]):

(a)

(b)

(©)

kth producer computes an optimal tentative production bundle

e(pelt]) € 25 (pel]).

and participation level

1, if ﬂk(pk[l]) > K,

%P =3 0 it 7 oelt]) < ke,

indicating whether y, (py[f]) is implemented.
The production bundle is o (pi[f])yr (Pr[]), i-e. either y(pi[t]) or zero.
ith consumer identifies the lowest purchase prices

computes an optimal tentative consumption bundle

xi(pl) € 27 (pli)),

and participation level

1, 1fe,(p[t]) <w,

Biplt]) = 0, if ¢;(p[1]) < wi.

indicating whether x;(p[t]) is implemented.
The consumption bundle is S;(p[f])x;(p[t]), i.e. either x;(p[f]) or zero.
ith consumer decides on demand shares

(maliz € M (ild, ... pild])

and demands from kth producer the bundle

wirlt] o Biplt)x:(ple]), k=1,....K.
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(d) kth producer computes the current excess supply

1
Vo Pt . pxl]) = ewlpelDye(pels]) = paclt] © Bipl)xi(pl).-

i=1
(55)
2. kth producer accumulates the excess supplies

wlt] = zlt =11+ V, E(pilt. .. .. pxlt]).  z[-1] = 0. (56)

3. kth producer computes the price forecast w.r.t. the confidence parameter y[¢]:
0 & (o
=t (=) . =1, (57)
1l +
where ¢ ,Y) are positive scaling coefficients.

4. kth producer updates

pili+ 1= S+ — i (59

by combining the previous individual price with the forecast. O

Along with the prices {(p1[f],...,pk[t])},>o generated by method (TRA), we
consider the corresponding historical averages of participation levels:

wll & —= Yl piln HIZﬂMD
r=0

Note that oy [f] € [0, 1] is the frequency of successful production attempts by kth
producer up to time z. Analogously, B;[tf] € [0, 1] is the frequency of successful
consumption attempts by ith consumer up to time ¢. We denote by

71 = @I, i) & (tenldlf, . BN, )

the system of average participation levels. The historical averages of production and
consumption bundles are defined as follows:

def def

yelr] = t—l—_l Zak(Pk[V])Yk(Pk[r]) Xl = t—l—_l Z,B (plr)xi(plr])-

Due to convexity, y¢[f] € a[t]% and X;[f] € B;[t] Z;. We denote by

Fli = Gl 5 = (el - Gl )
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the average market flow. Overall, the sequence
(c[d, ¥4, ). X[1]) € 7, 120,
is feasible for the adjoint problem (A).
Now, we are ready to prove the main convergence result for (TRA).

Theorem 13 (Convergence of Pricing via Trade). At a productive market, let
producers apply in (TRA) nondecreasing confidence parameters satisfying

xcltl = xxlt =1 —0, ] > 00, k=1,...,K

Then, the sequence of lowest purchase prices, average participation levels, and the
average market flow

,,,,,

converges toward the set of market equilibria. The achievable rate of convergence

is of the order O (%)

Proof. The iteration scheme (TRA) is a variant of the quasi-monotone subgradient

method (SM). Hence, we may obtain the convergence for (TRA) by means of
Theorem 8. For that, let us discuss the applicability of conditions (S1)—(S3).

On (S1): The price forecast (57) can be derived by means of the Euclidean prox-
functions for R" :

dk(p)deflz; (). k=1.....K.
j=1

In fact, for z;[f] € R”, yx[f] > O we consider the minimization problem as from
step 3. in (SM):

PP ERY

K
min {Z (1], pe) + xiltlde(pi)
k=1

Its unique solution is the price forecast (57) as from step 3. in (TRA):

+() g 0)
t| = = (-2 [t , j=1,...,.n,k=1,... K.
0=t (=), n

On (S2): It follows from Theorem 12 that the total excessive revenue is
representable as a maximum of concave functions:

&EWpi,...,pg) = max D@ (a,y,6,%X)+¢P1,....Pk. ), %),
(a.y,8.X)€
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where

K 1
¢ (pr.....px.5.5) = ; (P 5e) = <k=n]nnkpk, Zsc,->.

""" i=1

Although ¢ is not linear w.r.t. (py, ..., pg), but it is partially linear, i.e.

K 1
0. P 5 = <p,2yk - in>.
k=1 i=1

The partial linearity of ¢ suffices for the analogous convergence analysis as
in Sect.3 (see [11] for details). In particular, due to Theorem 12, the adjoint
problem for the total revenue minimization (PD) remains unchanged under the
trade design, i.e. it is the welfare maximization (A).

On (S3): The welfare maximization problem (A) satisfies the Slater condition in
view of the market productivity (cf. Definition 2).

Overall, we apply Theorem 8 to deduce that the sequence (pk[t])kK=1 converges
toward the solution set of (PD), and ()/ [], F [t]) converges toward the solution set

of (A) by order O (j) Due to Theorem 11, \ _nllinK pilt] converges toward the

solution set of (P). In view of the duality from Theorem 12, the assertion follows.
O

.....

4.3 Auction

Analogously, we proceed with the auction design:
ith consumer settles and updates his individual prices p;, and producers sell at the highest

Recall that for vectors py,...,p; € R", we denote by n}ax pi € R" the vector with
i=1,...

.....

coordinates

0]
) = W i=1
(iinl?.).(,lp') X P et

.....

The auction design incorporates the dominant aspect in auction theory that highest
bidders are first served [6]. Following the auction framework, we assume that
producers are able to undertake global price search across the consumers.
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Here, the total excessive revenue depends on the consumers’ prices (pl-)f-:1 as
follows:

Epre...on =D & (iir}axlpi) +Y &) =
k=1 N 7 i=1
K I
ma. max p;, — + ma. i — pi, xi . 59
Pyt yke‘d); (< X p yk> Ck()’k))+ ;ME% (W (P * ))+ ( )

The decentralization of prices makes the corresponding subdifferential information
about excess demands available to consumers. In fact, note that the total revenue
& from (59) is convex in the variables (pi)l(:l. Let us obtain an expression for its
convex subgradients V,,, & (p1, ..., pr) W.rt. p;:

K
VpE i)=Y Awofi—%. k=1... K. (60)
k=1

where A oy, = (/\f,’()y,((’)) . Here, X; € D;(p;) is the demand of ith consumer w.r.t.
=1

(Aik),{:] eL(pi,....p1),

where

Z)L(’)_l

)L 0 1fp(’) # n}axlpl@

.....

def

L(pi,....pn) = { )2, €0, 1™

j=1,...,ni=1,...,1

Note that Ag;) can be interpreted as the share of kth producer’s supply to ith consumer
for good j. Indeed, the shares )Lg? for good j sum up to 1 over all consumers i =
1,...,I. Moreover, the share )tm vanishes if the ith consumer’s price pl@ is less than
the hlghest offer pnce max p ) for good j.

We claim that the subdlfferentlal information in (50) is known to ith consumer.
First, note that x; is his consumption bundle. Despite of the fact that the shares A
and the supplies y; cannot be estimated by ith consumer, their aggregated product
2115:1 Aix o i is perfectly available to him. Indeed, Zszl Ak o ¥ forms the bundle
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of goods supplied by all producers to ith consumer. Altogether, the subgradients
V. &(p1, ..., pr) represent the individual excess of ith consumer’s supply over his
demands.

Theorem 14 (Consumers’ Excess Supply and Total Excessive Revenue).

K
OpEPr,-...p) = ;M o Sk (iggﬁpz) —Di(p), i=1....1
with supply shares ()Lik)l{:l eL(pi,....pr).

Due to Theorem 14, the subdifferential of & (p1, ..., p;) is completely available
to ith consumer. This fact suggests to adjust prices by solving the minimization
problem

min  &p1,...,pr). (PA)
e]Rj_

Note that the minimization problem (PA) is stated w.r.t. the decentralized con-
sumers’ prices (pi),’-:l, while previously in (P) one minimizes over the common
prices p.

We relate the minimization problem (PA) to (P). For that, let us call function
f(x), x € R", nondecreasing (nonincreasing) in x if f(x) > f(y) (f(x) < f(y)) for
any x > y.

Lemma 7 (Decentralization II). Let function of I 4+ 1 vector variables

G(po.pi,....p1), pieRi=0,...1

be (a) nondecreasing in po, and (b) nonincreasing in all other variables p;, i =
1,...,1. Then,

min G ('E}axlp,-,pl, .. ,p,) = min G(p,...,p).
PlseeasP, 1€R+ =1,..., pe]RJr

Proof. Indeed,

. a)
min G| max p;,p1,...,pr| =
Dloeees ple]R’_',’_ i=1,...,1

. . b)
min_ {G(p,p1,....p) |pi=p,i=1,...1}=
p-p1.-.pr €ERY

min G(p,...,p).

n

pER+
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Next Theorem 15 states that the minimization of the total excessive revenue

remains invariant under the auction design.

Theorem 15 (Total Revenue and Auction). Problems (P) and (PA) are equiva-

lent, i.e.

min  &(p1,...,p;) = min &(p). 61)

PlseesD. IER{'F pERl
Moreover,
(i) if (pi)i—, solves (PA), then max_p; solves (P)
(it) if p solves (P), then (p,...,p) ,sblves (PA).
Proof. We set
& I
G(po.p1s---p) = D & (po) + D & (pi) -
k=1 i=1
Note that G is nondecreasing in pg, and nonincreasing in p;, i = 1, ..., 1. Applying
Lemma 7 and in view of
G(i;naxlpivplv 7p1) = éa(plv ap[), G(ps~ 9p) :@@(p)»
(61) holds.
Let (p;)i_, solve (PA). Then,
39
min &(p) < & ( max pi) < &@p1,...,p1).
pERﬁr i=1,..., 1
By using (61), ‘Lt}ax[pk solves (P).
Now, let p solvé“’(P). Then,
min_ &@p1,....p) <EP,....p) = EPp),
Pliseens, D, 1€R+

By using (61), (p, ..., p) solves (PA). O

Further, we show that the welfare maximization problem (A) turns out to be
adjoint not only for (P), but also for (PA). The proof of this fact uses the following

Lemma 8.

Lemma 8. Forx;,yeR",i=1,...,1, the inequality

(62)
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is equivalent to

.....

1
> (pixi) §<max Py >foralzp,-em,i= ..., (63)

Proof. (i) Let (62) be satisfied. For p; € Ri, i=1,...,1, wehave

The first 1nequahty is due to x; € R” 4 and p; < max p,, i=1,...,1. The

(i1) Let (63) be satisfied. Setting there p, p e R" , we get

<p,2x,> (p.y) forallp e RY.

Hence, (62) is fulfilled. O

Theorem 16 (Adjoint for (PA)). The welfare maximization (A) is adjoint for the
total revenue minimization (PA):

min = Epi1,...,p1) = max

. _ma P (.3, B. %)
P1a-pIERY (@,5,8,%) € &

K I
PRI } -
k=1 i=1

(64)
Proof. We obtain:

min = Epi,...,p;) =
P1oPrERY

K

I
= min max @ (a,y, B,X) + < max p;, Zyk> - Z (pi, Xi)
i=1

prPI€RY (0.5.8.%) € o —

.....

K I
= max @ (a,y,B,X) + min i <Arr}axlp,', Zi}k> — Z (pi> Xi)

(@.5,8,) € o PPl €RY D\ =1

I
=  max D (a,y, B, %) ; {pi-3a) = < o P Zyk>

@y.pred forallp; e R, i=1,...,

Applying Lemma 8, we get the assertion (64). O
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Analogously, we describe how consumers may efficiently adjust their individual
prices (p,»)f:1 to arrive at an equilibrium price. This price adjustment also corre-
sponds to the quasi-monotone subgradient method from Sect. 3. It is applied to the
minimization of the total excessive revenue (PA) under the auction design.

Let ith producer choose a sequence of positive confidence parameters { x;[]},-.

i =1,...,1. We consider the following iteration:
Pricing via Auction (AUC)
1. Consumers determine their current excess supplies V,,,&(pi[t], . . .. pi[t]):

(a) ith consumer computes an optimal tentative consumption bundle

xi(pilf]) € 27" (pil]).
and participation level

l, ifei(pi[t]) <w,

Bi(pili]) = 0, if e;(p[t]) < wi,

indicating whether x;(p;[f]) is implemented.
The consumption bundle is 8;(p;[f])x;(p:[f]), i.e. either x;(p;[¢]) or zero.
(b) kth producer identifies the highest offer prices

.....

and computes an optimal tentative production bundle

Ye(pli]) € 2 (pleD),

and participation level

L if m(plt]) = K

a(plf]) = 0, if T (p[t]) < ki,

indicating whether y; (p[#]) is implemented.
The production bundle is o (p[t])yr (p[t]), i.e. either yi(p[f]) or zero.
(c) kth producer decides on supply shares

QalDizy € L(pald). ... pild]) .

and supplies to ith consumer the bundle

Aie[t] o ar(p[t)yi (plt])-
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(d) ith consumer computes the current excess supply
K
V& (pilt], ..., pilt]) = Zlik[f]OOlk(P[l])yk(l?[f])—,Bi(Pi[f])Xi(Pi[f])- (65)
k=1
2. ith consumer accumulates the excess supplies
] = zlt =1+ Vi E(paldl. ... pild). - z[=1]=0. (66)

3. ith consumer computes the price forecast w.r.t. the confidence parameter y;[t]:

0)
P9 = él‘[](—z?>[z])+, i=1,....n, (67)

where Ci(j) are positive scaling coefficients.
4. ith consumer updates

+
r+1] = ; Fe 68
pli+ 1= —=pili+ ——p (69)
by combining the previous individual price with the forecast. O

Along with the prices {(pi[t])},>0, i = 1, ..., I, generated by method (AUC), we
consider the corresponding historical averages of participation levels:

def

=1 Zak(p[r]) Bill = t+—125 pilr).

Note that a[f] € [0, 1] is the frequency of successful production attempts by kth
producer up to time 7. Analogously, B;[t] € [0, 1] is the frequency of successful
consumption attempts by ith consumer up to time . We denote by

vl = (@l B & (toulyie, (BN, )

the system of average participation levels. The historical averages of production and
consumption bundles are defined as follows:

def

def
Vilt] = =

Zak@[rbyk(p[r]) %] = z+_1 Z Bi(pilr)xi(pilr]).

r+1
Due to convexity, yx[f] € ax[t]% and X;[t] € B;[t] Z;. We denote by

Flil = Gl 5 = (Gels - )
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the average market flow. Overall, the sequence
(c[d, ¥4, ). X[1]) € 7, 120,

is feasible for the adjoint problem (A).
Now, we are ready to prove the main convergence result for (AUC).

Theorem 17 (Convergence of Pricing via Auction). At a productive market, let
consumers apply in (AUC) nondecreasing confidence parameters satisfying

xilfl— xilt =11 —0, yi[f] > 00, i=1,...,1

Then, the sequence of highest offer prices, average participation levels, and the
average market flow

converges toward the set of market equilibria. The achievable rate of convergence

is of the order O (%)

Proof. The iteration scheme (AUC) is a variant of the quasi-monotone subgradient

method (SM). Hence, we may obtain the convergence for (AUC) by means of
Theorem 8. For that, let us discuss the applicability of conditions (S1)—(S3).

On (S1): The price forecast (67) can be derived by means of the Euclidean prox-
functions for R" :

d(p)deflng)(p@)z, i=1,... I
j=15i

In fact, for z;[f] € R", y;[t] > 0 we consider the minimization problem as from
step 3. in (SM):

Plaeeey N ]E]R

I
min {Z zilt], pi) + xilfld; (l)z)} .

i=1
Its unique solution is the price forecast (67) as from step 3. in (AUC):
. Y ‘
PO = 2 (—zl@[z]) L j=1,...mi=1,.. L
xilt] +

On (S2): It follows from Theorem 16 that the total excessive revenue is
representable as a maximum of concave functions:

EWpiy...,p) = max D (o, y,8,%)+ ¢ p1,...,p1y,X),
(a.y,8.X)€
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where

Although ¢ is not linear w.r.t. (py, ..., py), butit is partially linear, i.e.

K 1
0P 5 = <p,2yk - in>.
k=1 i=1

The partial linearity of ¢ suffices for the analogous convergence analysis as in
Sect. 3 (see [12] for details). In particular, due to Theorem 16, the adjoint problem
for the total revenue minimization (PA) remains unchanged under the auction
design, i.e. it is the welfare maximization (A).

On (S3): The welfare maximization problem (A) satisfies the Slater condition in
view of the market productivity (cf. Definition 2).

Overall, we apply Theorem 8 to deduce that the sequence (p; [t]) _, converges
toward the solution set of (PA), and (y[t] F [t]) converges toward the solution set

of (A) by order O ( J) Due to Theorem 15, n}ax pilt] converges toward the

solution set of (P). In view of the duality from Theorem 16, the assertion follows.
O

5 Conclusions

We presented the excessive revenue model of a competitive market. Its crucial
advantage is that it can be written in potential form. The convex potential is the
total excessive revenue of market’s participants. Equilibrium prices, which balance
supply and demand, arise as the minimizers of the total excessive revenue. The latter
constitutes the least revenue principle in analogy to extremal principles in physics.
The least revenue principle allowed us to efficiently adjust prices by application
of Convex Analysis. For that, we used quasi-monotone methods for nonsmooth
convex minimization of the total excessive revenue. They represent implementable
behavioral schemes for the real-life activities of producers and consumers due to the
trade or auction. Thus, the main features of our price adjustment are as follows:

* Reliability refers to the fact that the price adjustment leads to equilibrium prices,
and corresponding supply equals demand on average.

* Computability of price adjustment means that we can guarantee the convergence
of the proposed price adjustment mechanisms at an explicitly stated (nonasymp-
totic) rate, which in fact is the best convergence rate achievable in large-scale
nonsmooth convex minimization.
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* Decentralization explains how market participants can successively update prices
by themselves via trade or auction rather than by relying on a central authority.

Acknowledgements The authors would like to thank the referees for their precise and constructive
remarks.

Appendix

Proof of Lemma 2:. We define the average linearization terms £, and v, for f:

6@ E Y FGl) + (VG x — fr]) |

r=0
v min{6 + £ld@)} .

First, we show by induction that for all # > 0 it holds:

£l — ;f—l <o 69)

Let us assume that condition (69) is valid for some ¢ > 0. Then,

Vg1 = fxnel)l(l () + f (1) + (Ve + 1)), x — x[t + 1]) + [t + 1]d(x)}

37
S min 1,00 + ([0d() + £ G+ 1D + (VG4 1)x -+ 1)

33 . 1 2
=" mip -+ 300 e = WP 0+ 1D+ 9760+ = e+ 1)

©9 )+ DfGl) — ( + Dy

= | 5l =2 )+ £ Gl + 1D+ (VAL 1) x =l + 1)
S (t+ D [F(t + 1)) + (V[ + 10),x[1] — x[z 4+ 1)] = (£ + 1)py
e | 4l =) Al 1D+ (TG Dx =l 1)

Since (¢t + 2)x[t + 1] = (¢ + 1)x[tf] + xT[¢], we obtain

Vi1 =+ 2f (et + 1) = (1 + Dpy



Algorithmic Principle of Least Revenue for Finding Market Equilibria 431
. + 1 + 2
+min (VA + 1) x =" [1) + S0 [x = 1]

1
> (t+2)f (xft + 1)) — (t + Dy — 34 IVt + 13-

= (2l + 1)~ (+ Dpisa.
It remains to note that
35
Yo = min {f(<[0]) + (V/(<[0]). x — 0]} + 20} = F0]) — o

Vi

Now, we relate the term r

N from (69) to the adjoint problem (32). It holds due

to convexity of ¢(-,a), a € A:

SO + (VG x = x[r]) =

DY g (axlr]) + ¢ Gl alelr]) + (Vag Gl aGelr)) .x — 20r])

< @ (a(x[r]) + ¢ (x. alx[r])) .

Hence, we obtain due to concavity of @ and ¢(x, -), x € X:

6 <)@ (@Gl + ¢ (v all) < (¢ + D [@ (al]) + ¢ (xal])] -

r=0

Finally, we get

Yy . 17 _ _
1 s ® (alt]) + min %90 (x,alf]) + md(X) = @ (a[f]) = &(alf]).  (70)
Altogether, (69) and (70) provide the formula (38). O

The following result on the quadratic penalty for the maximization problem (39)
will be needed.

Lemma 9. Under (S1)—(S3) it holds for k > 0:

a€A j=1

max {cp(a) -2y (hj(a))i} S
j=1

where x* solves the minimization problem (28).



432 Y. Nesterov and V. Shikhman

Proof. Let a* be an optimal solution of (39). Due to the Slater condition, there exist

some Lagrange multipliers x*?), j = 1,...,n such that
<V<P(a*) - Zx*U)th(a*), a* — a> >0, forallac€A, (71)
j=1
0 >0, hi(a*) <0, Zx*(’)h (@) =0. (72)
=
Note that the vector of Lagrange multipliers x* = (x*?,j = 1,...,n) solves the

minimization problem (28). Due to the concavity of @ and the convexity of 4;,
j=1,...,n,itholds for all a € A:

P(a) < P(a*) + (VP(a"),a—a"), (73)
hi(a) = hi(a*) + (Vhj(@*),a — a*). (74)
We estimate
73 71 L
2@ 2 0@+ (Vo@)a—a’) =+ Y0 (Via).a - a”)
Jj=1
74 noo
w0 (@) — at) B g +Zx*(’)h (@), acA.
Jj=1 j=1

Hence,
mai P(a) — g Z (hj(a))i_ <f* + maX Z [x*(j)hj(a) - g (h.i(a))i_]
a€ =

<f* +Zmax Z[ *Dp, — — ) ]

b; € R

ad

Proof of Lemma 3:. First, we estimate the penalty term §; and the remainder term
p1, t = 0 under (S1)—(S3). It holds:
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$(ali)) = —mm{ cali) + A ae )}

n

. i ] 1 .
=~ min T e + A >
t+1 o )
=~ FZ](hj<a[r1>)+,
— 1 . 1 2
P = Z 2= |l

— 1 - . 7 2
e ; 20— 1] ;("1(“[ D)

1 1
C2t+lZ

— ylr =11

IA

The latter inequality follows due to the compactness of the adjoint set A and the
convexity of h;, j = 1,...,n with

1 n
€, = 5 max 21: (h(@))’ . (75)
=

Substituting into (38), we get the right-hand side of (40):

t

1 1
falih = tale) [] Z (stat). i ; ar=1r

Now, we estimate this dual gap from below by using

@(a[t])——z (yal)y, = max | o - ; (hy(@)’y
Lemma9 X[t]
= I TEEN
where
_ 15 0
=1 ;x (76)

and x* is a solution of the minimization problem (28).
Finally, we get the left-hand side of (40)

Al

£l — Blald]) + —— Z (i)}, = FQld) —f* - Pt
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Proof 0fLemma4 Since y[tf] — x[t — 1] — 0, it holds by averaging that

t+12){r] x[r — 1] = 0. Thus,

1 1 1
= t+1;x[r]—x[r—l]+w—1x[—l]—>0-

t

1 1 1
From y[t] — oo we have — — 0, and also by averaging, -0
A 111 yaveraging. 155 o]

The convergence of the order O ( J) can be achieved in (42) by choosing x[f] =
O(4/1). In fact, we obtain:

t

1 1 1 1 1 |
t—i-l;)([r—l] S (X[—l] +m)+r+_1;ﬁ'

1 1
Immediately, we see that -~ (— + —) — 0 as of the order O (). Note
& x[=11 x[0] )

that for a convex univariate function £(r), r € R, and integer bounds a, b, we have

b+1/2
k0 = | eous an
r=a a—1/2
Hence, we get
+1/2
d an e
t+1 Z JrT o+l / f
1-1/2
2 t+l/2
_[—i—_lﬁ 12 (\/["‘1/ \/1/2)—>0
Here, the order of convergence is 0( J) By assuming x[{] = O(J/1), the
t t
convergence U = L — 0 is also of the order O (L) O
t+1  t+1 Vi
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The Legendre Transformation in Modern
Optimization

Roman A. Polyak

Abstract The Legendre transform (LET) is a product of a general duality principle:
any smooth curve is, on the one hand, a locus of pairs, which satisfy the given
equation and, on the other hand, an envelope of a family of its tangent lines.

An application of the LET to a strictly convex and smooth function leads to the
Legendre identity (LEID). For strictly convex and three times differentiable function
the LET leads to the Legendre invariant (LEINV).

Although the LET has been known for more then 200 years both the LEID and
the LEINV are critical in modern optimization theory and methods.

The purpose of the paper is to show the role of the LEID and the LEINV play in
both constrained and unconstrained optimization.

Keywords Legendre transform ¢ Duality  Lagrangian ¢ Self-Concordant func-
tion * Nonlinear rescaling * Lagrangian transform

1 Introduction

Application of the duality principle to a strictly convex f : R — R, leads to the
Legendre transform

J¥(s) = sup{sx — f(x)},

x€R

which is often called the Legendre-Fenchel transform (see [21, 29, 30]).
The LET, in turn, leads to two important notions: the Legendre identity

X)) =)

and the Legendre invariant
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_3
2

d3f dzf _% d3f* de*
LEINV() = dx® (@) NE ( ds? )

Our first goal is to show a number of duality results for optimization problems
with equality and inequality constraints obtained in a unified manner by using LEID.

A number of methods for constrained optimization, which have been introduced
in the past several decades and for a long time seemed to be unconnected, turned
out to be equivalent. We start with two classical methods for equality constrained
optimization.

First, the primal penalty method by Courant [16] and its dual equivalent—the
regularization method by Tichonov [60].

Second, the primal multipliers method by Hestenes [28] and Powell [52], and its
dual equivalent—the quadratic proximal point method by Moreau [39], Martinet
[35, 36] Rockafellar [56, 57] (see also [2, 7, 24, 27, 44, 45, 58] and references
therein).

Classes of primal SUMT and dual interior regularization, primal nonlinear
rescaling (NR) and dual proximal points with ¢-divergence distance functions,
primal Lagrangian transformation (LT) and dual interior ellipsoids methods turned
out to be equivalent.

We show that LEID is a universal tool for establishing the equivalence results,
which are critical, for both understanding the nature of the methods and establishing
their convergence properties.

Our second goal is to show how the equivalence results can be used for
convergence analysis of both primal and dual methods.

In particular, the primal NR method with modified barrier (MBF) transformation
leads to the dual proximal point method with Kullback-Leibler entropy divergence
distance (see [50]). The corresponding dual multiplicative algorithm, which is
closely related to the EM method for maximum likelihood reconstruction in position
emission tomography as well as to image space reconstruction algorithm (see
[17, 20, 62]), is the key instrument for establishing convergence of the MBF method
(see [31, 46, 50, 53]).

In the framework of LT the MBF transformation leads to the dual interior
proximal point method with Bregman distance (see [37, 49]).

The kernel ¢(s) = —Ins + s — 1 of the Bregman distance is a self-concordant
(SC) function. Therefore the corresponding interior ellipsoids are Dikin’s ellipsoids.

Application LT for linear programming (LP) calculations leads to Dikin’s type
method for the dual LP (see [18]).

The SC functions have been introduced by Yuri Nesterov and Arkadi Nemirovski
in the late 1980s (See [42, 43]).

Their remarkable SC theory is the centerpiece of the interior point methods
(IPMs), which for a long time was the main stream in modern optimization. The
SC theory establishes the IPMs complexity for large classes of convex optimization
problem from a general and unique point of view.
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It turns out that a strictly convex f € C? is self-concordant if LEINV(f) is
bounded. The boundedness of LEINV(f) leads to the basic differential inequality,
four sequential integrations of which produced the main SC properties.

The properties, in particular, lead to the upper and lower bounds for f at each step
of a special damped Newton method for unconstrained minimization SC functions.
The bounds allow establishing global convergence and show the efficiency of the
damped Newton method for minimization SC function.

The critical ingredients in these developments are two special SC function:
w(t) =t —In(t + 1) and its LET w*(s) = —s — In(1 — ).

Usually two stages of the damped Newton method is considered (see [43]). At
the first stage at each step the error bound Af(x) = f(x) —f(x*) is reduced by w(1),
where 0 < A < 1 is the Newton decrement. At the second stage Af(x) converges to
zero with quadratic rate. We consider a middle stage where Af(x) converges to zero
with superlinear rate, which is explicitly characterized by w(4) and w*(1).

To show the role of LET and LEINV(f) in unconstrained optimization of SC
functions was our third goal.

The paper is organized as follows.

In the next section along with LET we consider LEID and LEINV.

In Sect. 3 penalty and multipliers methods and their dual equivalents applied for
optimization problems with equality constraints.

In Sect. 4 the classical SUMT methods and their dual equivalents—the interior
regularization methods—are applied to convex optimization problem.

In Sect. 5 we consider the Nonlinear Rescaling theory and methods, in particular,
the MBF and its dual equivalent—the prox with Kullback-Leibler entropy diver-
gence distance.

In Sect. 6 the Lagrangian transform (LT) and its dual equivalent—the interior
ellipsoids method—are considered. In particular, the LT with MBF transformation,
which leads to the dual prox with Bregman distance.

In Sect. 7 we consider LEINV, which leads to the basic differential inequality, the
main properties of the SC functions and eventually to the damped Newton method.

We conclude the paper (survey) with some remarks, which emphasize the role of
LET, LEID and LEINV in modern optimization.

2 Legendre Transformation

We consider LET for a smooth and strictly convex scalar function of a scalar
argument f : R — R.

For a given s = tang let us consider line / = {(x,y) € R?> : y = sx}. The
corresponding tangent to the curve L, with the same slope is defined as follows:

T(x.y) ={(X.¥) € R?: ¥ —f(x) = () (X —x) = s(X - 0)}.

In other words T'(x,y) is a tangent to the curve Ly = {(x,y) : y = f(x)} at the
point (x, y): f'(x) = 5. For X = 0, we have Y = f(x) — sx. The conjugate function
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AY
T(x,y)
y=f(x)
Lt / ®
¢ x
f(s)=-Y
< X l
Fig. 1 Legendre transformation
f* 1 (a,b) > R, —00 < a < b < oo at the point s is defined as f*(s) = =Y =
—f(x) + sx. Therefore (see Fig. 1)
f(s) +f(x) = sx. o
More often f* is defined as follows
f*(s) = max{sx —f(x)}. @)

Keeping in mind that T'(x, y) is the supporting hyperplane to the epif = {(y,x) :
y > f(x)} the maximum in (2) is reached at x: f'(x) = s, therefore the primal
representation of (1) is

£ 0) +£@) =f (). 3)

For a strictly convex f we have f” (x) > 0, therefore due to the Inverse Function
Theorem the equation f* (x) = s can be solved for x, that is

x(s) = £ 7). (4)

Using (4) from (3) we obtain the dual representation of (1)

F7(9) +£(x(9) = 5x(s). o)
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Also, it follows from £~ (x) > 0 that x(s) in (2) is unique, so /™ is as smooth as f. The
variables x and s are not independent, they are linked through equation s = £ ).

By differentiating (5) we obtain

£ () +f ()X (5) = x(s) + 5% ().

In view of f (x(s)) = s, from (4) and (6) we obtain the following identity,

) =f""s),

which is called the Legendre identity (LEID).
From (4) and (7) we obtain

df*(s)
=x
ds
On the other hand, we have
o _
dx '
From (8) and (9) it follows
d’f*(s) _ dx d*f (x)
= —andb =
@) ds? ds and b) dx?
From
dx ds _
ds dx
and (10) we get
d2f* d2f
L=,
ds?  dx?

ds

Codx

so the local curvatures of f and f* are inverses to each other.
The following Theorem established the relations of the third derivatives of f/ and

f*, which leads to the notion of Legendre invariant.

Theorem 1. Iff € C3 is strictly convex then

ds? ds? a3 \de?

* %\ —3/2 —3/2
a*f _(dzf ) n a*f (dzf) _o.

(6)

)

®)

€))

(10)

1)

12)
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Proof. By differentiating (11) in x we obtain

d3f* ds d2f de* de

ds® dx dv? ds? Ao

In view of (10b) we have

3 pk 20\ 2 2 r 3
af -(df) +df df:O. (13)

ds3 a2 ds?  dd

By differentiating (11) in s and keeping in mind (10a) we obtain

ek 12 2p%N\ 2 13
af d—f+(df) d—f=0. (14)

ds3 dx? ds? ) dx?
Using (11), from (13) and (14) we have

d3f* de 1 d3f
ds*  dx? ( )2 e

dx?

or

=0.

ds> \ax?) " d

d3 * d2 3 d3
f ( f ) n f
Keeping in rnlnd ! > 0 from the last equation follows

de* d2f %+ d3f d2f % —0
ds3 \ dx? a \ a2 o

Using (11) again we obtain (12).

Corollary 1. From (12) we have

dBf* de* —3/2 d3f de —3/2
ds? ( ds? ) T da (dx2) '

The Legendre Invariant is defined as follows

de* (de* )—3/2

LEINV(f) = ‘— ER e

de dzf —3/2
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For a strictly convex f € C? boundedness of LEINV(f) defines the class of self-
concordant (SC) functions introduced by Yuri Nesterov and A. Nemirovski in the
late 1980s .

3 Equality Constrained Optimization

Letf and all ¢;;: R" — R, i = 1,...,m be continuously differentiable. We consider
the following optimization problem with equality constrains
min f(x)
(16)

s.t.cix)=0,i=1,...,m.

We assume that (16) has a regular solution x* that is
rank Ve(x™) = m < n,

where Vc(x) is the Jacobian of the vector-function c(x) = (¢ (x), ..., cu(x))T. Then
(see, for example [45]) there exists A* € R™:

V,.L(x*,1*) =0, V;L(x*,1*) = c¢(x*) =0,

where

L(x2) = () + Y hici@)

i=1

is the classical Lagrangian, which corresponds to (16).
It is well known that the dual function

d(A) = inf{L(x, A)|x € R"} 17
is closed and concave. Its subdifferential
dd(A) = {g:d(u) —d(A) < (g,u—A),Vu € R"} (18)

at each A € R" is a non-empty, bounded and convex set. If for a given A € R™ the
minimizer

x(A) = argmin{L(x, 1)|x € R"}
exists then

ViL(x(A),A) = 0. (19)
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If the minimizer x(4) is unique, then the dual function
d(A) = L(x(1),A)
is differentiable and the dual gradient
Vd(4) = ViL(x(1), A)Vrx(d) + Vi L(x(4), A),

where V,x(1) is the Jacobian of vector-function x(1) = (x;(A),...,x,(1))7. In
view of (19) we have

Vd(A) = V,L(x(X), 1) = c(x(A)). (20)
In other words, the gradient of the dual function coincides with the residual vector
computed at the primal minimizer x(1).
If x(4) is not unique, then for any * = x(1) € Argmin{L(x, A)|x € R"} we have
c(x) € ad(A).

In fact, let

u:du) = L(x(u),u) = IIElIIRnn L(x, u), 2D

then for any A € R™ we have

d(u) = min{f (x) + Xm: wic(x)|x € R} < f(3) + i wiei(®) = f®) + Y Aici(®)
i=1 i=1
+(c(®),u—1) =d) + (c®),u—1)
or
d(u) —d(A) < (c(®).u—A), Yu € R",

s0 (18) holds for g = ¢(3), therefore

c(®) € ad()). (22)
The dual to (16) problem is

max d(1)

(23)
s.t. A e R™,
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which is a convex optimization problem independent from convexity properties of f
andc,i=1,...,min (16).
The following inclusion

0 € dd(A*) 24)

is the optimality condition for the dual maximizer A* in (23).

3.1 Penalty Method and its Dual Equivalent

In this section we consider two methods for solving optimization problems with
equality constraints and their dual equivalents.

In 1943 Courant introduced the following penalty function and correspondent
method for solving (16) (see [16]).

Let 7w(¢) = %tz and k > 0 be the penalty (scaling) parameter, then Courant’s
penalty function P : R" x R4 — R is defined by the following formula

RS k
P(ek) =f() + k7 Y lkei() = () + 3 le@, 25)
i=1
where || - || is Euclidean norm. At each step the penalty method finds unconstrained
minimizer
x(k) : P(x(k). k) = min P(x. k). (26)
x€ER"

We assume that for a given k > 0 minimizer x(k) exists and can be found from the
system V,P(x, k) = 0. Then

ViP(x(k), k) =

Vi@(k) + D 7 (kei(x(k))) Vei(x(k)) = 0. 27)

i=1
Let
Aik) = 7' (kei(x(k)), i =1,...m. (28)

From (27) and (28) follows

VP(x(k). k) = VFx(K) + Y Ai(k)Veix(k) = VoL(x(k), A(k) =0, (29)

i=1
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which means that x(k) satisfies the necessary condition to be a minimizer of
L(x, A(k)). If L(x(k), A(k)) = m]iRn L(x, A(k)), then d(A(k)) = L(x(k), A(k)) and
x€R”

c(x(k)) € dd(A(k)). (30)
Due to 7 (r) = 1 the inverse function 7'~ exists. From (28) follows
cix(k) = k7 T k), i= 1. m. (31)

From (30), (31) and the LEID 7' ~! = 7*’ we obtain

0 € ddAK) — kY 7 (Aik)e;, (32)

i=1

where ¢; = (0,...,1,..,0).
The inclusion (32) is the optimality condition for A(k) to be the unconstrained
maximizer of the following unconstrained maximization problem

d(k) — k™Y (k) = max{d(w) —k™' Y 7 (w;) 1 u € R} (33)

i=1 i=1

Due to 7*(s) = max{st — %tz} = %sz the problem (33) one can rewrite as follows
t

l — 1
d(A(k)) — o fo(k) = max{d(u) — 5(||u||2 ‘ueR™. (34)
i=1

Thus, Courant’s penalty method (26) is equivalent to Tikhonov’s (see [60]) regular-
ization method (34) for the dual problem (23).

The convergence analysis of (34) is simple because the dual d(u) is concave and
D(u, k) = d(u) — % ||ul|? is strongly concave.

Let {k,}22, be a positive monotone increasing sequence and lim,_, o ks = 0.
We call it a regularization sequence. The correspondent sequence {4}

1
Ay = argmax{d(u) — EHuH2 cu e R"} (35)

is unique due to the strong concavity of D(u, k) in u.

Theorem 2. If L* = Argmax{d(A)|A € R"} is bounded and f, ¢; € C', i =
1,...,m, then for any regularization sequence {k}>2, the following statements
hold

(]) ”/xs+1|| > ”As"’
(2) d(As41) > d(As);
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(3) limy00 As = A* = argmin ¢« [|A].

Proof. Tt follows from (35) and strong concavity of D(u, k) in u € R™ that
d(hs) = (k) "M IAl? > d(Astr) — (2k) T HIAg1 |17
and
d(Ast1) — ke ) AP > dhy) = Qo) 7M. (36)
By adding the inequalities we obtain
0.5(k7" =kt DU+ 12 = 144171 > . (37)

Keeping in mind ks > k, from (37) we obtain (1).

From (36) we have
d(Agr1) —d(Ay) > k)™ (1A 7 = 1A]1°] > 0, (38)

therefore from (1) follows (2).

Due to concavity d from boundedness of L* follows boundedness of any level
set A(Ag) = {A € R™ : d(X) > d(Ag)} (see Theorem 24 [22]). From (2) follows
{A32, C A(Ap), therefore for any converging subsequence {A;} C {A}2:
limg, 00 Ay, = ) we have

d(As) = (2ks) A5 1P > dA¥) = (2ks) T IAT] (39)
Taking the limit in (39) when k;, — oo we obtain d(i) > d(A*), therefore A=

A* € L. In view of (2) we have lim;_, o d(A;) = d(A™*).
It follows from (1) that limy—, o [|As]| = ||A*]|. Also from

d(As) — (2k)THIA N > d(A*) — ko) TH AP
follows
[A 12 = Al > 2k (d(X*) —d(Ay)) =0, VA* € L*,

therefore lim,_, o || As]| = min ||A].
AeL*

Convergence of the regularization method (34) is due to unbounded increase
of the penalty parameter k > O, therefore one can hardly expect solving the
problem (23) with high accuracy.
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3.2 Augmented Lagrangian and Quadratic Proximal Point
Method

In this section we consider Augmented Lagrangian method (see [28, 52]), which
allows eliminate difficulties associated with unbounded increase of the penalty
parameter.

The problem (16) is equivalent to the following problem

f@ + kY m(kei(x)) — min (40)

i=1
st.cix) =0, i=1,...,m. 41
The correspondent classical Lagrangian . : R"xR” xR+ — R for the equivalent

problem (40)—(41) is given by

LA =F0) =Y hicix) + k7Y w(keix) =

i=1 i=1
m k m
FO) =Y Aie@) + 5 Y ).
i=1 i=1

Z is called Augmented Lagrangian (AL) for the original problem (16).
We assume that for a given (1,k) € R” x RL 4 the unconstrained minimizer X
exists, that is

=300k ViZLEAK) = V@) = Y (i — 7 (kei(M)Vei(R) = 0. (42)

i=1
Let
A=k =A— 7 (kei®).i=1,....m. (43)

Then from (42) follows V,L(x, /A\) = 0, which means that x satisfies the necessary
condition for X to be a minimizer of L(x, A). If L(x, 1) = m]%n L(x, A) then d(A) =
x€R”

L(x, i) and
c(®) € ad()). (44)

From (43) follows

c®) = %n,_] A —2). (45)
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Using LEID and (45) we obtain

0€ddd) -k > 7 (i — Ner.

i=1

which is the optimality condition for A to be the maximizer in the following
unconstrained maximization problem

dQ) — k™' "7t (hi— A) = max{d(w) —k™ Y w*(wi—A) tueR"). (46)

i=1 i=1

2

In view of 7*(s) = %s we can rewrite (46) as follows

~ 1
A = argmax{d(u) — ﬂﬂu A :ueRY 47

Thus the multipliers method (42)—(43) is equivalent to the quadratic proximal
point (prox) method (47) for the dual problem (23) (see [4, 27, 35, 39, 55-58] and
references therein) . R

If X is a unique solution to the system V,L(x,A) = 0, then Vd(1) = c(¥) and
from (45) follows

A=A+ kVd(d),

which is an implicit Euler method for solving the following system of ordinary
differential equations

% = kVd(R), A(0) = Ao. (48)

Let us consider the prox-function p : R” — R defined as follows

p(A) = d(u(})) - %Ilu(/\) — Al = D(A), 1) =

1
max{d(u) — ﬂﬂu —Al? i ueRY.

The function D(u,A) is strongly concave in u € R”, therefore u(Ad) =
argmax{D(u,A) : u € R"} is unique. The prox-function p is concave and
differentiable. For its gradient we have

Vp(A) = VuD(u(A), 1) - Viu(A) + ViD(u. 1),
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where V,u(1) is the Jacobian of u(1) = (u;(A),...,u,(A))T. Keeping in mind
V.D(u(1), 1) = 0 we obtain

1 1«
Vp(A) = ViD(u,A) = z(u(/\) —A) = z(l —A)
or
A =X+ kVp(h). (49)

In other words, the prox-method (47) is an explicit Euler method for the following
system

A
L = kp), 1) = Ao,

By reiterating (49) we obtain the dual sequence {A,}2:
As+1 = As + kVp(Ay), 50)

generated by the gradient method for maximization the prox function p. The
gradient Vp satisfies Lipschitz condition with constant L = k™. Therefore we have
the following bound Ap(A,) = p(A*) — p(A,) < O(sk)~! (see, for example, [45]).

We saw that the dual aspects of the penalty and the multipliers methods are
critical for understanding their convergence properties and LEID is the main
instrument for obtaining the duality results.

It is even more so for constrained optimization problems with inequality
constraints.

4 SUMT as Interior Regularization Methods for the Dual
Problem

The sequential unconstrained minimization technique (SUMT) (see [22]) goes back
to the 1950s, when R. Frisch introduced log-barrier function to replace a convex
optimization with inequality constraints by a sequence of unconstrained convex
minimization problems.

Let f and all-c;, i = 1, ..., m be convex and smooth. We consider the following
convex optimization problem

minf(x)

s.t.x € $2,

(S

where 2 = {xeR":¢;(x) >0, i=1,...,m}.
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From this point on we assume

A. The solution set X* = Argmin{f(x) : x € £2} is not empty and bounded.
B. Slater condition holds, i.e. there exists xo € £2: ¢;(xg) > 0,i=1,...,m.

By adding one constraint co(x) = M —f(x) > 0 with M large enough to the original
set of constraints ¢;(x) > 0,i = 1,...,m we obtain a new feasible set, which due
to the assumption A convexity f and concavity ¢;, i = 1,...,m is bounded (see
Theorem 24 [22]) and the extra constraint co(x) > 0 for large M does not effect X*.

So we assume from now on that £2 is bounded. It follows from KKT’s Theorem
that under Slater condition the existence of the primal solution

f(F) = min{f(x)|x € 2}
leads to the existence of A* € R”} that for Vx € R" and A € R’} we have
L(x*, 1) < L(x*,A*) < L(x,A") (52)
and A* is the solution of the dual problem
d(A*) = max{d(A)|]A € R% }. (53)
Also from B follows boundedness of the dual optimal set
L* = Argmax{d(A) : A e R }.

From concavity d and boundedness L* follows boundedness of the dual level set
A(A) = {1 € RY :d(X) = d(A)} for any given A € R : d(A) < d(A¥).

4.1 Logarithmic Barrier

To replace the constrained optimization problem (51) by a sequence of uncon-
strained minimization problems R. Frisch in 1955 introduced (see [23]) the log-
barrier penalty function P : R* x Ry — R defined as follows

P k) =f(x) =k ) m(kei(x),

i=1

where 7(f) = Int, (n(t) = —oo for t < 0) and k& > 0. Due to convexity f and
concavity ¢; i = 1,...,m the function P is convex in x. Due to Slater condition,
convexity f, concavity ¢; and boundedness £2 the recession cone of £2 is empty that
is forany x € 2,k > 0 and 0 # d € R" we have

lim P(x + td, k) = oo. (54)
—>00
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Therefore for any k > 0 there exists
x(k) : V P(x(k), k) = 0. (55)
Theorem 3. IfA and B hold and f, c; € C', i = 1,...,m, then interior log-barrier

method (55) is equivalent to the interior regularization method
A(k) = arg max{d(u) + k' Z Inu; :u € RY} (56)
i=1

and the following error bound holds
max{Af (x(k)) = f(x(k)) =f ("), Ad(A(k)) = d(A*) =d(A(k))} = mk™". (57)
Proof. From (54) follows existence x(k) : P(x(k), k) = min{P(x, k) : x € R"} for

any k > 0.
Therefore

V. P(x(k), k) = Vf(x(k) = 7 (ki(x(k) Vei(x(k)) = 0. (58)
i=1
Let
Ai(k) = 7 (kei(x(k)) = (ke;(x(k) ™", i=1,...m. (59)

Then from (58) and (59) follows V,P(x(k),k) = V.L(x(k), A(k)) = 0, therefore
d(A(k)) = L(x(k), A(k)). From 7" (f) = —* < 0 follows existence of 7'~! and
from (59) we have ke(x(k)) = 7'~ (A:(k)). Using LEID we obtain

ci(x(k)) = k' (Ai(k)), (60)

where 7*(s) = info{st —Int} = 1 + Ins. The subdifferential dd(A(k)) contains
—c(x(k)), that is

0 € dd(A(k)) + c(x(k)). (61)
From (60) and (61) follows
0 € dd(A(K) + kY 7 (Ai(k))e:. (62)
i=1

The last inclusion is the optimality criteria for A (k) to be the maximizer in (56).
The maximizer A (k) is unique due to the strict concavity of the objective function
in (56).
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Thus, SUMT with log-barrier function P(x,k) is equivalent to the interior
regularization method (56).

For primal interior trajectory {x(k)}72; ., and dual interior trajectory
{AK)}R2 4,0 We have

f() = f(x") = d(A¥) = d(A(k)) = L(x(k), A(k)) = f(x(k)) — (c(x(k)), A(K)).

From (59) follows A;(k)c;(x(k)) = k~',i = 1, ..., m, hence for the primal-dual gap
we obtain

f@x(k) = d(A (k) = (c(x(k)), A(k)) = mk™".

Therefore for the primal and the dual error bounds we obtain (57). O

The main idea of the interior point methods (IPMs) is to stay “close” to the
primal {x(k)}2, or to the primal—dual {x(k), A(k)}72, trajectory and increase k > 0
at each step by a factor (1— %)“ , where o > 0 is independent of n. In case of LP at
each step we solve a system of linear equations, which requires O(n>) operations.
Therefore accuracy ¢ > 0 IPM are able to achieve in O(n* In &™) operations.

In case of log-barrier transformation the situation is symmetric, that is both the
primal interior penalty method (55) and the dual interior regularization method (56)
are using the same log-barrier function.

It is not the case for other constraints transformations used in SUMT.

4.2 Hyperbolic Barrier

The hyperbolic barrier

-+ 1t>0
w(t) =

—00,t <0,
has been introduced by Carroll in the 1960s, (see [12]). It leads to the following
hyperbolic penalty function
Pl k) =f(x) k™'Y w(kei(®) = f(x) + k7Y (keix) 7,
i=1 i=1
which is convex in x € R” for any k£ > 0. For the primal minimizer we obtain

x(k) = VP(e(k), k) = VF(x(k) = Y 7 (key(x(k))) Vei(x(k)) = 0. (63)

i=1
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For the vector of Lagrange multipliers we have
Ak) = (Ai(k) = 70 (kei(x(k)) = (ke;(x(k)) ™2, i=1,....m). (64)

We will show later that vectors A(k), k > 1 are bounded. Let L = max Ai(k).

Theorem 4. If A and B hold and f, ¢; € Cli=1,.,m, then hyperbolic barrier
method (63) is equivalent to the parabolic regularization method

dA(K)) + 267>/ Ai(k) = max{d(u) + 2k Y Jui :u € R} (65)
i=1

i=1
and the following bounds holds
max{Af (x(k)) = f(x(k)) —f(x"),
Ad(A(k)) = d(A*) — d(A(k))} < mvVLk™". (66)
Proof. From (63) and (64) follows
ViP(x(k), k) = V.L(x(k), A(k)) = 0,

therefore d(A(k)) = L(x(k), A(k)).
From 7" (f) = =213 < 0, V¢ > 0 follows existence of 77’ .
Using LEID from (64) we obtain

ci(x(k) = k' T Q) = k'Y k), i= 1, ..., m,

where 7*(s) = inf,{st — w ()} = 2.4/s.
The subgradient —c(x(k)) € dd(A(k)) that is

0 € dd(A(k) + c(x(k)) = ddA(K) + k' > 7™ (Mi(k))e:. (67)

i=1

The last inclusion is the optimality condition for the interior regularization
method (65) for the dual problem.
Thus, the hyperbolic barrier method (63) is equivalent to the parabolic regular-
ization method (65) and D(u, k) = d(u) + 2k~' Y1, /u; is strictly concave.
Using considerations similar to those in Theorem 2 and keeping in mind strict
concavity of D(u, k) in u from (65) we obtain

m m

Xm:\/li(l > Y V) > VA + 1) >
i=1 i=1 k=1
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Therefore the sequence {A(k)};2, is bounded, so there exists L = max Ai(k) > 0.

From (64) forany k > 1and i = 1,...,m we have
Aik)e; (x(k)) = k2
or
(Ai(k)ci(x(k)))? = k2Ai(k) < kL.
Therefore
(A(K), c(x(k))) < mi/Lk™".

For the primal interior sequence {x(k)}72, and dual interior sequence {A(k)}7, we
have

fx(k)) = f(x*) = d(A*) > L(x(k), A(k)) = d(A(k)),
therefore
Fek) — dA(K) = (c(x(k)), A(k))) < mv/Lk™",

which leads to (66). ad

In spite of similarity bounds (57) and (65) are fundamentally different because L
can be very large for problems where Slater condition is “barely” satisfied, that is
the primal feasible set is not “well defined”.

This is one of the reasons why log-barrier function is so important.

4.3 Exponential Penalty

Exponential penalty 7(f) = —e™' has been used by Motzkin in 1952 (see [40]) to
transform a systems of linear inequalities into an unconstrained convex optimization
problem in order to use unconstrained minimization technique for solving linear
inequalities.

The exponential transformation 7(f) = —e™' leads to the exponential penalty
function

P k) = f(x) = k™' " mlkei(x)) = f(x) + k7Y e,

i=1 i=1

which is for any k > 0 convex in x € R".
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For the primal minimizer we have
x(k) : ViP(x(k). k) = Vf(x(k)) = Y e 0O Vei(x(k)) = 0. (68)
i=1
Let us introduce the Lagrange multipliers vector
Ak) = (Ai(k) = 7' (cix(k)) = e*C®) =1 m) (69)
From (68) and (69) we have
V.P(x(k), k) = V,L(x(k), A(k)) = 0.

Therefore from convexity L(x, A(k)) in x € R”" follows d(A(k)) = min{L(x, A(k))
|x € R"} = L(x(k), A(k)) and —c(x(k)) € dd(A(k)), therefore

0 € c(x(k)) + dd(A(k)). (70)

From 7" (1) = —e ™" # 0 follows the existence 77—, therefore using LEID from (69)
we obtain

cix(®) = k7 T (k) = k' Y k), i=1,.. . m.
Inclusion (70) we can rewrite as follows
ddA (k) + kY 7 (A(k))e; = 0.

Keeping in mind 7 *(s) = inf,{st — 7 (t)} = inf{st + e~'} = —sIns + s from the
last inclusion we obtain

m

dQ.(k) — kY L) (In(Aik) — 1) =

i=1
max{d(u) — k™' Y uilnu; —1) : u € R} (71)
=1

It means that the exponential penalty method (68) is equivalent to the interior
regularization method (71) with Shannon entropy regularization function r(x) =
— Z:’;l ui(ln u — 1)

The convergence of the dual sequence {A(k)}7,, can be proven using arguments
similar to those used in Theorem 2.

We conclude the section by considering smoothing technique for convex opti-
mization.
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4.4 Log-Sigmoid (LS) Method

It follows from Karush-Kuhn-Tucker’s Theorem that under Slater condition for x*
to be a solution of (51) it is necessary and sufficient existence A* € R™, that the pair
(x*; A*) is the saddle point of the Lagrangian, that is (52) hold.

From the right inequality of (52) and complementarity condition we obtain

F*) <f() = Y A7 minfei(x), 0} <

i=1
f(x) = max A; ; min{c;(x), 0}

for any x € R". Therefore for any r > max A} we have
1<i<m

FO&*) <f(x) — erin{c[(x), 0}, Vx € R". (72)

i=1
The function

m

Qx,r) = f(x) —r ) min{c;(x), 0}

i=1

is called exact penalty function.

Due to concavity ¢;, i = 1,...,m functions ¢;(x) = min{c;(x), 0} are concave.
From convexity f and concavity ¢;, i = 1,...,m follows convexity Q(x,r) in
x € R". From (72) follows that solving (51) is equivalent to solving the following
unconstrained minimization problem

fG&x*) = 0(x*,r) = min{Q(x,r) : x € R"}. (73)

The function Q(x, r) is non-smooth at x*. The smoothing techniques replace Q by a
sequence of smooth functions, which approximate Q(x, r). (see [3, 14, 47, 48] and
references therein)

Log-sigmoid (LS) function 7 : R — R is defined by

7(t) =St 1) =In(1 +e )7,

is one of such functions. We collect the log-sigmoid properties in the following
assertion

Assertion 1. The following statements are holds
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1. w()=t—1In(l +¢') <0, 7(0) = —In2
2. JT/(I) =(1+ et)_l > 0, n/(O) =21
3770 =—e(1+e)2<0,77(0)=—-2"2

The smooth penalty method employs the scaled LS function
kK 'w(kt) = 1 — k' In(1 + ), (74)

which is a smooth approximation of ¢() = min{z, 0}.
In particular, from (74) follows

0<q(t)—k'mwkt) <k 'In2. (75)

It means that by increasing k > 0 the approximation can be made as accurate as one
wants.
The smooth penalty function P : R” x R; 4 — R defined by

P(x.k) =f(x) = k'Y m(ke;(x)) (76)

i=1

is the main instrument in the smoothing technique.
From Assertion 1 follows that P is as smooth as f and ¢;, i = 1, .., m.
The LS method at each step finds

x(k) : P(x(k), k) = min{P(x, k) : x € R"} 77)

and increases k > 0 if the accuracy obtained is not satisfactory.

Without loss of generality we assume that f is bounded from below. Such
assumption does not restrict the generality, because the original objective function f
can be replaced by an equivalent f(x) := In(1 + ¢/®) > 0.

Boundedness of §2 together with Slater condition, convexity f and concavity c;,
i = 1,...,m make the recession cone of £2 empty, that is (54) holds for P(x, k)
given by (76), any k > 0, d € R" and any x € 2.

Therefore minimizer x(k) in (77) exists for any k > 0 that is

V.P(x(k), k) = VF(x(k) = Y (keix(k)) Vei(x(k) =

i=1

= Vf(x(k) — > (1 + 1O Ve (x(k)) = 0.

i=1
Let

Aik) = (1 + aCON=1 =1 m, (78)
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then

V.P(x(K); k) = VF(x(K) = Y 2i(k) Vei(x(k) = 0.

i=1

From (78) follows A;(k) < 1 for any k > 0. Therefore, generally speaking,
one can’t expect finding a good approximation for optimal Lagrange multipliers, no
matter how large the penalty parameter k > 0 is.

If the dual sequence {A(k)}72, does not converges to A* € L*, then in view of
the last equation one can’t expect convergence of the primal sequence {x(k)}2, to
x* e X*.

To guarantee convergence of the LS method we have to modify P(x, k). Let 0 <
a < 0.5and

P(x, k) 1= Py(x. k) = f(x) — k') " w(kei(x)). (79)

i=1

It is easy to see that the modification does not effect the existence of x(k). Therefore
for any k > 0 there exists

x(K) 1 ViP(K),K) = V(x(R) =K Y 7 (kek))Veia k) = 0. (80)

Theorem 5. IfA and B hold and f, c; € C',i=1,...,m, then the LS method (80)
is equivalent to an interior regularization method

dA(K) + k1Y (kT Ai(k) =

i=1

max{d(u) + k! Zn*(k‘”‘ui) 0<wu; <k%, i=1,...,m}.
i=1
Proof. Let
Ai(k) = k7 (kei(x(k))) = K*(1 + OO i =1 m. (81)
From (80) and (81) follows

VPG k) =VIa0) = Y 1) Vex(k) = o
i=1

V. L(x(k), A(k)) = 0.



460 R.A. Polyak

From (81) we have
7' (kei(x(k) = K~ Ai(k). (83)
Due to 77 (f) < O there exists 7 ', therefore
ci(e(k) = k'~ (R (h)).
Using LEID we obtain
ci(x(k) = K~ (k= Ai(k)). (84)
where

¥ (s) = irtlf{st —m(@®)} = —[(1 —s5)In(1 —5) + slns]

is Fermi-Dirac (FD) entropy function (see, for example, [54]).

From (82) follows d(A(k)) = L(x(k), A(k)), also the subdifferential dd(A(k))
contains —c(x(k)), that is

0 € c(x(k)) + dd(A(K)). (85)

Combining (84) and (85) we obtain

0 € ddA(k) + kY 7 (k™ Ni(k))e:. (86)

i=1

The inclusion (86) is the optimality criteria for the following problem

dA(k) + k'Y (kA (k) =

i=1
max{d(u) + k'r(u) 0 <wu; <k* i=1,..,m}, (87)

where r(u) = > 10 w* (k™ %u;).

In other words the LS method (80)—(81) is equivalent to the interior regularization
method (87) with FD entropy function used for dual regularization. The FD function
is strongly concave inside the cube {u € R" : 0 <u; <k*,i=1,...,m}.

It follows from (87) that for any regularization sequence {k,}>2, the Lagrange
multipliers 0 < A;(k;) < k¥, i = 1,...,m can be any positive number, which
underlines the importance of modification (79).
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Theorem 6. Under conditions of Theorem 5 for any regularization sequence
{ks 2, the primal sequence

320 - VP k) = VF(x) = Y i Vei(xs) = 0 (88)
i=1
and the dual sequence
{As}gio : d(kv) + ks_lr()ts) =
max{d(u) + & 'r(u) 10 <u; <K%, i=1,...,m} (89)
the following statements hold

(1) a) d(As1) > d(As); b) r(As41) < r(Ay);

(2) limysoo d(Ag) = d(A*) and A* = argmin{r(1) : A € L*};

(3) the primal-dual sequence {x;, As}2, is bounded and any limit point is the
primal—dual solution.

Proof. (1) From (89) and strong concavity r(u) follows
ds1) + ki 7 (A1) > d(Ay) + k(M) (90)
and
d(As) + k() > d(Aspr) + k7 (). oD
Therefore
(ki = kD (A1) = r(Ry)) > 0.

From kg1 > kg and last inequality follows r(A;41) < r(A;), therefore from (90)
follows

d(Ass1) > d(hs) + kil (r(As) = r(Assn)) > d(Ay). 92)
(2) The monotone increasing sequence {d(4;)}:2, is bounded from above by f(x*).

Therefore there is limy_ oo d(Ay) = d < f(x*) = d(A*).
From (89) follows

ds) + k;'r(Ag) = d(A*) + k;'r(A"). 93)
From (92) follows {A,}2, C A(Ag) = {A € RY : d(4) = d(A¢)}. The set

A(Ag) is bounded due to the boundedness of L* and concavity d. Therefore
there exists {A,}72, C {As}2, that limy, .o A, = A. By taking the limit in the
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correspondent subsequence in (93) we obtain d(A) > d(A*), that is d(A) =
d(A*).

From lim,—, d(A,;) = d(A*) and 1a) follows lim,_,c d(A,) = d(1¥).

From (93) follows

d(A*) —d(Ay) < k7' (r(AY) — r(dy)), YA® € L*, 94)

therefore (94) is true for A* = argmin{r(1)|A € L*}.

(3) We saw already the dual sequence {A,}:2, is bounded. Let us show that the
primal is bounded too. For a given approximation x, let consider two sets of
indices I (x;) = {i : ci(x;) > 0} and I_(x,) = {i : ¢;(x;) < O}.

Then keeping in mind f(x,;) > 0 we obtain

P(xy, kg) = f(xg) + ks_H'a Z In(1 + e_k.rci(x.r))

i€l (xg)
_{_ks—l—i-ot Z 111(1 + e—ksc,-(xs))
i€14 (xg)
- (95)
> f(x,) — k_? Z ci(xs) + ks—1+a Z In(1 + ekxci(xx))
i€l (xy) i€l (x5)
>fr) =k D alx) ==k D i)
i€l (xs) i€l (xs)
On the other hand,
Pl k) < PO k) = F() — k73 wkoe ()
i=1
=fF(*) + kD Il + e 890D) < f() + kT min 2. (96)
i=1
From (95) and (96) follows
K Jaile)| <f0%) + kT min2. 7)
i€l (xg)
Therefore for any s > 1 we have
max |c;i(x,)] < k7YF(x*) + k 'mIn2. (98)

i€l (xg)

It means that the primal sequence {x,}:2, is bounded due to the boundedness of
£2. In other words, the primal—dual sequence {x;, A;}:2, is bounded.
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Let consider a converging subsequence {x,;,Ay}2p: X = limjseo X3 L=
lim; s 00 Ay;. From (81) follows A; = 0 fori : ¢;(x) > 0 and A; > 0 fori : ¢;(x) = 0.
From (82) follows VL(x,1) = 0, therefore (x, 1) is KKT’s pair, that is X = x*,

A =A% 0

The equivalence primal SUMT and dual interior regularization methods not
only allows to prove convergence in a unified and simple manner, but also provide
important information about dual feasible solution, which can be used to improve
numerical performance. One can’t, however, expect finding solution with high
accuracy because finding the primal minimizer for large k > 0 is a difficult task
for the well known reasons.

The difficulties, to a large extend, one can overcome by using the Nonlinear
Rescaling theory and methods (see [31, 46, 47, 50, 53, 59] and references). One can
view NR as an alternative to SUMT.

5 Nonlinear Rescaling and Interior Prox with Entropy like
Distance

The NR scheme employs smooth, strictly concave and monotone increasing func-
tions Y € ¥ to transform the original set of constraints into an equivalent set. The
transformation is scaled by a positive scaling (penalty) parameter. The Lagrangian
for the equivalent problem is our main instrument.

At each step NR finds the primal minimizer of the Lagrangian for the equivalent
problem and uses the minimizer to update the Lagrange multipliers (LM). The pos-
itive scaling parameter can be fixed or updated from step to step. The fundamental
difference between NR and SUMT lies in the role of the LM vector.

In case of SUMT the LM vector is just a by product of the primal minimization.
It provides valuable information about the dual vector but it does not effect
the computational process. Therefore without unbound increase of the scaling
parameter, which is the only tool to control the process, one can not guarantee
convergence.

In the NR scheme on the top of the scaling parameter the LM vector is a critical
extra tool, which controls computations.

The NR methods converges under any fixed scaling parameter, just due to the
LM update (see [31, 46, 50, 53]). If one increases the scaling parameter from step to
step, as SUMT does, then instead of sublinear the superlinear convergence rate can
be achieved.

The interplay between Lagrangians for the original and the equivalent problems
allows to show the equivalence of the primal NR method and dual proximal point
method with g-divergence entropy type distance. The kernel of the distance ¢ =
—y*, where ¥* is the LET of . The equivalence is the key ingredient of the
convergence analysis.
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We consider a class ¥ of smooth functions ¥ : (a,00) > R, —o0 < a < 0 with
the following properties
My =02y (1) >0,¢y0) =13y () <0;@ lim-ey (1) =0;

(5) limay ¥ (1) = 0.
From (1)—(3) follows

Q=xeR" x>0 i=1,....m=xeR" : k Wkei(x) >0, i=1,...,m
for any k£ > 0.
Therefore (51) is equivalent to
min f(x)

99
s.t. k_lw(kci(x)) >0,i=1,...,m. o9

The Lagrangian .’ : R" x R} x Ry — R for (99) is defined as follows

LK) =f@) =k Y Ly (kei(x)).

i=1

The properties of £ (x, A, k) at the KKT pair (x*, A*) we collect in the following
Assertion.
Assertion 2. For any k > 0 and any KKT pair (x*, A*) the following holds

1° Lx*, A% k) =f(x*)
2° Vo . L* A% k) = V™) = DL, AFVei(x*) = ViL(x*, 1%) = 0
3° fof(x*,/\*,k) = foL(x*,k*) + kVcT (x*)A*Ve(x*),

where Ve(x*) = J(c(x*)) is the Jacobian of c(x) = (c1(x), ..., cn(x))T and A* =
I-\*%

Remark 1. The properties 1°—3° show the fundamental difference between NR and
SUMT. In particular, for log-barrier penalty

P(x.k) =f(x) =k ) Inci(x)
i=1

neither P nor its gradient or Hessian exist at the solution x*. Moreover, for any given
k > 0 we have

lim* P(x, k) = oc.

X—>X

On the other hand, .Z(x, A*, k) is an exact smooth approximation for the non-
smooth

F(x,x*) = max{f(x) — f(x*), —ci(x), i = 1,..,m},
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that is, for any given k > 0 we have

min F(x, x*) = F(x*,x*) = min(,,f(x, /‘{*, k) —f(x*)) =0.
x€R" x€R”

5.1 NR and Dual Prox with @-Divergence Distance

In this section we consider the NR method and its dual equivalent—the prox method
with ¢-divergence distance for the dual problem.

Lety € W, = e = (1,...,1) € R} and k > 0 are given. The NR step
consists of finding the primal minimizer

Fi=30 k) V. LG ALK =0 (100)

following by the Lagrange multipliers update

A

A=Ak =G A A=Ay kaR)), i=1,....m. (101)

Theorem 7. If condition A and B hold and f, c¢; € Cli=1,...,m, then the NR
method (100)—(101) is:

(1) well defined;
(2) equivalent to the following prox method

d(A) —k'D(A, A) = max{d(u) — k™' D(u, M) |u € R}, (102)

where D(u, A) = > it Xip(u;/ ;) is @-divergence distance function based on

*

kernel ¢ = —yr*.

Proof. (1) Due to the properties (1)—(3) of i, convexity f and concavity of all ¢;,
the Lagrangian .Z is convex in x. From boundedness of §2, Slater condition and
properties (3) and (5) of ¥ follows emptiness of the §2 recession cone. It means
that for any nontrivial direction d € R" and any (A, k) € R’f_ﬂ we have

lim Z(x+td, A, k) = oo

—>00
for any x € $£2. Hence for a given (A,k) € R’_’f_ﬂ there exists x = x(4,k)
defined by (100) and A = A(A, k) defined by (101). Due to 2) of ¥ we have

A €eRY, = AeRY,, therefore NR method (100)—~(101) is well defined.
(2) From (100) and (101) follows

ViZ (A k) = V@) = ) 4y (kei(@®) Veil®) = ViL(E A) =0,

i=1
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therefore

min L(x, A =L&A) =dA).
x€R?

The subdifferential 0d ()AL) contains —c(x), that is
0 € c(®) + dd(). (103)

From (101) follows ¥ (kc;(})) = Ai/Ai i = 1,....m.
Due to (3) of i there exists an inverse 1///’1. Using LEID we obtain

e = k' T /) = KN (/) (104)

combining (103) and (104) we have

0€ dd(R) + k! i s (ii/x,») e (105)

i=1

The inclusion (105) is the optimality criteria for A to be a solution of
problem (102). O

Remark 2. Tt follows from 1° and 2° of Assertion 2, that for any £ > 0 we have
x* = x(A*,k) and A* = A(A*,k), thatis A* € R"} is a fixed point of the mapping
A= AL k).

Along with the class ¥ of transformations { we consider a class @ of kernels ¢ =

—y*, with properties induced by properties of . We collect them in the following
Assertion.

Assertion 3. The kernel ¢ € @ are strictly convex on Ry and possess the following
properties on |0, o<l.

(1) ¢(s) =0, Isn>ig</J(S) =¢(1) =0,

(2) ¢/(1)=0;
(3) ¢ (s) >0.

Assertion 3 follows from properties (1)—(3) of ¥ and (11).

The general NR scheme and corresponding methods were introduced in the early
1980s (see [46] and references therein). Independently the prox methods with ¢-
divergence distance has been studied by Teboulle (see [59]). The equivalence of NR
and prox methods with ¢-divergence distance was established in [50].

In the following section we consider an important particular case of NR—the
MBF method.
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5.2 Convergence of the MBF Method and its Dual Equivalent

For reasons, which will be clear later, we would like to concentrate on the NR
method with transformation ¥ () = In(¢ + 1), which leads to the MBF theory
and methods developed in [46] (see also [10, 25, 26, 31, 34, 38, 41, 53] and
references therein). The correspondent Lagrangian for the equivalent problem £ :
R" x R} x Ry — Ris defined by formula

LA k) =f(x) — k> Ailnlkei(x) + 1).

i=1

Fora givenk > 0and Ag = ¢ = (1,...,1) € R}, the MBF method generates the
following primal-dual sequence {x;, A;}2:

Xs+1 - vxag(xs-kl»lsvk) =

Vi) = Y Aislkei(orn) + D7 Vei(es) = 0 (106)

i=1
Aottt Aisrt = Aiglke(r) + D7 i =1 m. (107)
The Hausdorff distance between two compact sets in R} will be used later.
Let X and Y be two bounded and closed sets in R” and d(x,y) = ||x — y|| is the
Euclidean distance between x € X,y € Y. Then the Hausdorff distance between X

and Y is defined as follows

dy(X,Y) := max{max mind(x, y), max mind(x, y)} =
xX€X ye€Y yEY x€X
max{max d(x, Y), maxd(y, X)}.
x€X yEY

For any pair of compact sets X and ¥ C R”
dyX,Y)=0& X =Y.

LetQ CRY beacompactset,@ =RY,\Q, S(u,e) ={v eRY : lu—v| <
€} and

0 ={uecQFveQ:veSue),deQ:deSue)} Ve>0
be the boundary of Q.
Let A C B C C be convex and compact sets in R”,. The following inequality

follows from the definition of Hausdorff distance.

du(A, 3B) < dy(A, dC) (108)
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Along with the dual sequence {A}°2, we consider the corresponding convex
and bounded level sets Ay = {1 € R} : d(A) > d(Ay)} and their boundaries
0A; = {A € Ay d(A) =d(Ay)}.

Theorem 8. Under condition of Theorem 7 for any given k > 0 and any Ao € R}
the MBF method (106)-(107) generates such primal-dual sequence {x;, A},
that:

(1) d(As41) > d(Ay), s =0

(2) limy—soo d(Ay) = d(A¥), limy—s oo f(x;) = f(x*)

(3) limy_s o0 du(0A;, L*) =0

(4) there exists a subsequence {s;};2, such that for X; = Zil:;, (51401 — 51) x5 we
have im0 X; = X € X%, i.e. the primal sequence converges to the primal
solution in the ergodic sense.

Proof. (1) Itfollows from Theorem 7 that method (106)—(107) is well defined and
it is equivalent to following proximal point method

m

dQer) =K7Y Ais@ Qi1 [Ais) =

i=1

max{d(u) — k™'Y Aisop(ui/dis) 1u € R (109)

i=1

where ¢ = —¢* = —info_1{st —In(t + 1)} = —Ins + s — 1 is the MBF
kernel.
The ¢-divergence distance function

m m

DA, u) =Y hip(ui/Ai) = Y _[=Ailnu/Xi + ui — A,

i=1 i=1

which measures the divergence between two vectors A and u from R’ff_ i is, in
fact, the Kullback-Leibler (KL) distance (see [20, 50, 59]). The MBF kernel
@(s) = —Ins 4+ s — 1 is strictly convex on R4 and (p’(l) = 0, therefore
Isn>i(r)1g0(s) = ¢(1) =0, also

a) D(A,u) >0,VA #ue R
b) DA, u) =06 A =u

From (109) for u = A, follows

A1) = dOs) + K7 hisoRigar /[ Ai)- (110)

i=1
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@)

Therefore the sequence {d(A,)}%2, is monotone increasing, unless
@(Ais+1/Ais) =0foralli =1,...,m, butin such case A;4; = A; = A*. The
monotone increasing sequence {d(A,)}°2, is bounded from above by f(x*),

therefore there exists lims— oo d(A;) = d < f(x*).
Our next step is to show that d = f(x*).
From —c(xs4+1) € dd(A,+1) and concavity of the dual function d follows

d(A) —d(Agr1) < (—c@xg41), A — A1), YA€ RY .
So for A = A, we have
d(As41) —d(Ay) = (c(Xs41), As — Agt1). (111)
From the update formula (107) follows
(Ais = Ais+1) = kei(ep) A1, i =1,....m, (112)
therefore from (111) and (112) we have
d(Agy1) —d(As) = ka:C,-z(le)li.wL (113)
i=1

From Slater condition follows boundedness of L*. Therefore from concavity
d follows boundedness of the dual level set

Aro) ={A e RY :d(A) = d(Ro)}.
It follows from the dual monotonicity (110) that the dual sequence {4}, €

A(Ap) is bounded.
Therefore there exists L > 0 : max A;; = L. From (113) follows
LS

d(Ass1) — d(Ag) = kL7 (e(xor1), Agr1) (114)
By summing up (114) from s = 1 to s = N we obtain
N
d(A*) = d(ko) = d(y+1) — d(Ro) > kL™ Y " (As, c(x,)),
s=1

which leads to asymptotic complementarity condition

vl_i)%lo(ksvc(xs)) =0. (115)
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On the other hand, from (110) follows

N
d(*) = d(ho) = d(y) —d(Ro) = k™'Y D(hy, A1) (116)

s=1

Therefore lim;_, o, D(A;, A;+1) = 0, which means that divergence (entropy)
between two sequential LM vectors asymptotically disappears, that is the dual
sequence converges to the fixed point of the map A — )AL(/X, k), which due to
Remark 2, is A*.

We need few more steps to prove it. Let us show first that

D(A*,A;) > D(A*, As41), Vs =0 ar7)

unless Ay = Ay = A™.
We assume xInx = 0 for x = 0, then

m

Ais
DA, A0) = D", Asrr) = ) (x;‘ In S5 4 A~ x,.,m) .

i=1

Invoking the update formula (107) we obtain
m m

D(A*, A) =D, Agp) = D A7 Inlkei(xro) + D71 +k Y digprcilrr).
i=1 i=1

Keeping in mind In(1 + 7)~' = —In(1 + £) > —t we have

DX, A) = DA, Ar) = kY (Risr1 — A)ei(xorn) =

i=1
k(—c(xg+1), A* = As1). (118)
From concavity d and —c(x;41) € dd(As41) follows
0 <d(A*) —d(Ass1) < (—c(xg41), A" — Agp1). (119)
Combining (118) and (119) we obtain
DA™, A5) = DA™, Ast1) = k(d(A™) — d(As11)) > 0. (120)
Assuming that d(A*) —d = p > 0 and summing up the last inequality from

s = 0tos = N we obtain D(A*, Ag) > kNp, which is impossible for N > 0
large enough.
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3

“

Therefore lim;_,od(A) = d = d(A*), which together with asymptotic
complementarity (115) leads to

dO*) = lim (k) = lim [F(x) = (A, c(x))] =
Jim f() = 1), (21

The dual sequence {A,}%2, is bounded, so it has a converging subsequence
{As 120 imjs oo Ay, = = A. It follows from the dual convergence in value that
A = A* € L*, therefore {A € R" : d(A) = d(A)} = L*.

From (110) follows L* C ... C Ay C Ay C ... C Ay, therefore from (108)
we obtain a monotone decreasmg sequence {dH(aAS,L*)}S o> Which has a
limit, that is

lim dy(dA,, L*) = p > 0,
S—>00

but p > 0 is impossible due to the continuity of the dual function and the
convergence of the dual sequence in value.

Let us consider the indices subset I = {i : A; > 0}, then from (115) we have
limg oo ci(xs) = ci(x) =0, i€ I;t. Now we consider the indices subset
IOZ{I)_L,ZO}

There exists a subsequence {A, }72, that A;5,,, < 0.5A;4, i € Iy.

Using again the update formula (107) we obtain

Si41

AS1+1 l_[(kci(-xs) + 1) = Ai,xl 2 2A’S1+1 ’ l € IO‘

s=s]

Invoking the arithmetic-geometric means inequality we have

1 Si+1 11 1/ (si1=s1)
Y i) + D= | [ keitw) + 1) S o /sti=s) 5 1.

Si+1 =S S=S1 s=s;+1
Therefore
k Si41
Zc,(xs) >0iel.
(5141 — 51)

s=S5]

From concavity ¢; we obtain

Si+1 Si41
+ 1 1 +

ci(xi+1) = ¢ Z x| = Z cix,) > 0, i € L.

S — S S — S
s S TSI S S

(122)
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On the other hand, from convexity of f we have

Si4-1

_ 1
fGtr) < m Z ). (123)

s=s;+1

Without loosing generality we can assume that lim;—, o X; = X € £2. It follows
from (121) that

@ = lim f(&) < lim /() = lim d(A,) = d(*) = /().

Thus f(X) = f(x*) = d(A*) = d(A) and X = x*, A = A*. The proof of
Theorem 8 is completed. O

We conclude the section with few remarks.

Remark 3. Each ¢ € W leads to a particular NR method for solving (51) as well
as to an interior prox method for solving the dual problem (53). In this regard
NR approach is source of methods for solving (53), which arises in a number
of application such as non-negative least square, statistical learning theory, image
space reconstruction, maximum likelihood estimation in emission tomography (see
[17, 20, 62] and references therein).

Remark 4. The MBF method leads to the multiplicative method (107) for the
dual problem. If the dual function d has a gradient, then Vd(A;4+1) = —c(xg41).
Formulas (107) can be rewritten as follows

)Li,s+1 — A,‘J = kl,‘qs.H[Vd(ls.H)], 1= 1, cee,m, (124)

which is, in fact, implicit Euler method for the following system of ordinary
differential equations

dA
o = kAVd(L), A(0) = Ao. (125)
Therefore the dual MBF method (124) is called (see (1.7) in [20]) implicit
multiplicative algorithm.
The explicit multiplicative algorithm (see (1.8) in [20]) is given by the following
formula

Aist1 = Ais(1—k[VdQA)]) ™" i=1,....m. (126)

It has been used by Eggermond [20] for solving non-negative least square, by
Daube-Witherspoon and Muchlehner [17] for image space reconstruction (ISRA)
and by Shepp and Vardi in their EM method for finding maximum likelihood
estimation in emission tomography [62].
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Remark 5. Under the standard second order sufficient optimality condition there
exists ko > O that for k > ky the MBF method (106)—-(107) converges with linear
rate

Cc c
Pt =< llAs = A% A =A% < 1A = A7

and ¢ > 0 is independent on k > k. By increasing k from step to step one obtains
superlinear convergence rate (see [46]).

6 Lagrangian Transformation and Interior Ellipsoid
Methods

The Lagrangian transformation (LT) scheme employs a class ¥ € ¥ of smooth
strictly concave, monotone increasing functions to transform terms of the Classical
Lagrangian associated with constraints. The transformation is scaled by a positive
scaling parameter.

Finding a primal minimizer of the transformed Lagrangian following by the
Lagrange multipliers update leads to a new class of multipliers methods.

The LT methods are equivalent to proximal point methods with Bregman or Breg-
man type distance function for the dual problem. The kernel of the correspondent
distance is ¢ = —y*.

Each dual prox, in turn, is equivalent to an interior ellipsoid methods. In case
of the MBF transformation ¥ (1) = In(¢ + 1) the dual prox is based on Bregman
distance B(u,v) = Y i, (—In(u;/v;) + u;/v; — 1) with MBF kernel ¢ = —y* =
—Ins 4+ s — 1, which is SC function. Therefore the interior ellipsoids are Dikin’s
ellipsoids (see [18, 37, 42, 43, 49]).

Application of LT with MBF transformation for LP leads to Dikin’s affine scaling
type method for the dual LP.

6.1 Lagrangian Transformation

We consider a class ¥ of twice continuous differentiable functions ¥ : R — R with
the following properties

1 y(©)=0

Q@ ay' (>0 by O =1 v @<a'a>0t>0
(3) —my' <y"(t) <0, Vte€]— 00,00

@ ¥ <-M"', Vie]—00,0[, 0<my<M < oo.
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For a given Y € ¥ and k > 0, the LT £ : R" x R} x R4 4 — R is defined by
the following formula

LA k) =) =k (khici(x). (127)

i=1

It follows from (2a) and (3), convexity f, concavity ¢;, i = 1,...,m that for any
given A € RY | and any k > 0 the LT is convex in x.

6.2 Primal Transformations and Dual Kernels

The well known transformations

* exponential [7, 40, 61] 1}1(t) =1—e

+ logarithmic MBF [46] ¥»(r) = In( + 1);

* hyperbolic MBF [46] V3(r) = /(1 + 1);

o log-sigmoid [48] ¥4() = 2(In2 + 7 — In(1 + €'));

¢ Chen-Harker-Kanzow-Smale [48] (CHKS) 1% (1) =t—+/r2 +4n+2/n, n >0,
unfortunately, do not belong to ¥.

The transformations WAl, 1/}2, 1&3 do not satisfy (3) (my = 0), while transformations
1&4 and 1% do not satisfy (4) (M = 00). A slight modification of 1/};,1' =1,...,5,
however, leads to ¥; € ¥ (see [6]).

Let -1 < © < 0, we will use later the following truncated transformations
¥; : R — R are defined as follows

1/}i(t),OO >t=>71

ile) = { (128)

qi(t),—o0 <t <1,
where g;(t) = a;t*> + bt + ¢; and a; = 0.51/;1.”(17), b = 1/;{(1') - rwA”(r), ¢ =
VI(2) = (@) + 0579 (7).

It is easy to check that for truncated transformations ¥;, i = 1,...,5 the
properties (1)—(4) hold, that is y; € V.
In the future along with transformations v; € ¥ their conjugate

Y (s), s < ¥l(7)

. (129)
g (s) = (4a) (s —b)? —ciy s=Y/(x),i=1,...,5,

W(S) = {

will play an important role, where ¥ *.(s) = inf,{st — Vi(£)} is the LET of ;.
With the class of primal transformations ¥ we associate the class of dual kernels

ped={p=—y* .y eVl
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Using properties (2) and (4) one can find 0 < 6; < 1 that
V(1) = (0) = =y (16)(=7) = —tM ' i=1,....5
or
i) = 1—M =14 |cM.

Therefore from (129) forany 0 < s < 1 + |t|[M~! we have

6i(s) = @is) = =Y (s) = inflst = Yi(1)}, (130)

where kernels
 exponential ¢;(s) = slns — s+ 1,¢1(0) = 1;
* logarithmic MBF ¢,(s) = —Ins + s — 1;
* hyperbolic MBF ¢;3(s) = —24/s +s + 1,$3(0) = 1;
* Fermi-Dirac ¢4(s) = (2 —s)In(2 —s) + slns, $4(0) = 21n2;
* CMKS ¢s5(s) = =2./1(y/ (2 —=5)s — 1), ¢5(0) =2/n

are infinitely differentiable on 0, 1 + |7|M~].

To simplify the notations we omit indices of ¥ and ¢.

The properties of kernels ¢ € @ induced by (1)-(4) can be established by
using (11).

We collect them in the following Assertion

Assertion 4. The kernels ¢ € @ are strictly convex on R, twice continuously
differentiable and possess the following properties

(1) (s) >0, Vs €]0, co[ and mi(I)lqo(s) =) =0;
5>
(2) a) lim+ ¢'(s) = —oco, b) ¢’'(s) is monotone increasing and
s—0

c)¢'(1)=0;
(3) a) 9" (s) =mg >0, Vse€l0,00], b)¢"(s)<M<oo, Vsel[l, ool

Let O C R™ be an open convex set, Q is the closure of Q and ¢ : Q — Rbe a
strictly convex closed function on Q and continuously differentiable on Q, then the
Bregman distance B, : O x Q — R induced by ¢ is defined as follows (see [8]),

By (x,y) = ¢(x) —@(y) — (Vo(y), x —y). (131)

Letg € @, then B, : R} xR}, — Ry, defined by

By(u.v) ==Y o(ui/vy),

i=1
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we call Bregman type distance induced by kernel ¢. Due to
(1) = ¢’(1) = 0 for any ¢ € @, we have

() = (1) — (1) — @' () (1 — 1), (132)

which means that ¢(¢) : Ry — R4 4 is Bregman distance between ¢ > 0 and 1.
By taking #; = 3 from (132) we obtain

B, (u,v) = B, (u,v) — B, (v,v) — (Vu,B, (v, v), u —v), (133)

which justifies the definition of the Bregman type distance.
For the MBF kernel ¢,(s) = —Ins + s — 1 we obtain the Bregman distance,

By(u.v) = Y @aui/vi) = Y _(—Inui/v; + ui/vi — 1) =
i=ml =l (134)
Z[— Inu;+ Inv; + (u; — v;) /vy,

i=1

which is induced by the standard log-barrier function F(r) = —) " Int;.

After Bregman’s introduction his function in the 1960s (see [8]) the prox method
with Bregman distance has been widely studied (see [9, 11, 13, 15, 19, 37, 48-50]
and reference therein).

From the definition of B, (u, v) follows

V.By(u,v) = VF(u) — VF(v).

For u € Q, v € Q and w € Q the following three point identity established by Chen
and Teboulle in [15] is an important element in the analysis of prox methods with
Bregman distance

By (u,v) — By(u, w) — By(w,v) = (VF(v) — VF(w),w — u). (135)

The properties of Bregman’s type distance functions we collect in the following
Assertion.

Assertion 5. The Bregman type distance satisfies the following properties:

(1) By(u,v) > 0,YVu e R, v € R}, By(u,v) =0 & u=v, Yo,u € R} _;
By,(u,v) > 0 foranyu # v
(2) By(u,v) = 3mo 3is, (5 = 1)%, Yu; € R, v; € RY 5
(3) By(u,v) < 3M YL (= 1>, Yu e R}, u>v>0;
(4) for any fixed v € R} | the gradient V,B,(u,v) is a barrier function of u €
R?% ., ie.
++°

. d )
lim —B,(u,v) =—00,i=1,...,m.
ui—>04 0U;

The properties (1)—(4) directly following from the properties of kernels ¢ € @
given in Assertion 4.
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6.3 Primal LT and Dual Prox Methods

Lety € ¥, Ao € R% | and k > 0 are given. The LT method generates a primal—dual
sequence {x;, A;}52, by formulas

Xs+1 : onip(xs-l—l 5 As, k) = 0 (136)
)Li,s+1 = li.sl///(k/\,-’sci(xﬁ1)), = 1, N (B (137)
Theorem 9. If conditions A and B hold and f, ¢;, i = 1,...,m continuously

differentiable then:

(1) the LT method (136)—(137) is well defined and it is equivalent to the following
interior proximal point method

Ast1 = argmax{d(d) —k~'B,(A, A,)|A € R}, (138)
where
By(u.v) := > ¢(u;/v)
i=1
and ¢ = —y*.
(2) foralli=1,...,mwe have
1111’1 (A.,J_{_l/)tm) = 1 (139)
§—>00
Proof. (1) From assumptions A, convexity of f, concavity of ¢;,i = 1,...,m and

property (4) of ¥ € ¥ for any A, € R, and k > 0 follows boundedness
of the level set {x : L (x,As, k) < L (x;, A5, k)}. Therefore, the minimizer x;
exists for any s > 1. It follows from property (2a) of ¥ € ¥ and (137) that
Ay € R, = Az € RY . Therefore the LT method (136)—(137) is well
defined. From (136) follows

ij(xs-f'l ) A’S’ k) =

Vi@sr1) = Y Aist (kAisci(xes 1)) Vei(xepn)) = 0. (140)

i=1

From (136) and (137) we obtain

Vel (o1, Ao k) = VFCrr1) = Y Aist1VeiGip1) = VeL(top Asr) =0,

i=1
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2

therefore
d(As+1) = L(Xs+1, As1) = min{L(x, As41)[x € R"}.
From (137) we get
Y (kAisci(xg+1)) = Ais1/Ais i =1,...,m.

In view of property (3) for any ¥ € W there exists an inverse ¥'~!, therefore

citxor) =k Qi) T T Qs /Aiy). i = 1L m (141)
Using LEID ¥/'~! = y* we obtain
citta1) =k Qi) T Qg1 [Aig), i=1,....m. (142)

Keeping in mind
_C(As+l) € ad(ks-i-l)

and ¢ = —y¥™* we have
0e 8d(ks+1) — k_l Z()L,-,S)_lw’(ki,ﬁl/)L,-,s)ei.
=1

The last inclusion is the optimality criteria for A;41 € R} , to be the solution of
the problem (138). Thus, the LT method (136)—(137) is equivalent to the interior
proximal point method (138).
From (1) of Assertion 5 and (138) follows

d(Ag+1) = k' By (Agy1, A5) + d(Ay) > d(Xy), Vs > 0. (143)

Summing up last inequality from s = 0 to s = N, we obtain

N
d(*) = d(Ro) = d(n+1) —d(Ro) > kY " By(Astr, A,

s=0
therefore
lim B(Ae41.4;) = lim >~ @(Aisr1/Ais) = 0. (144)
§—>00 §—>00 =1
From (144) and 2) of Assertion 5 follows
lim Ai,s%—l/ki.s = 1, i = 1,...,m. (145)
§—>00



The Legendre Transformation in Modern Optimization 479

Remark 6. From (130) and (145) follows that for s > sy > 0 the Bregman type
distance functions By, used in (138) are based on kernels ¢;, which correspond to
the original transformations 1/Af,~.

The following Theorem establishes the equivalence of LT multipliers method and
interior ellipsoid methods (IEMs) for the dual problem.

Theorem 10. It conditions of Theorem 9 are satisfied then:

(1)

(2)

(3)
(4)

for a given ¢ € @ there exists a diagonal matrix H, = diag(hfp);”:1 with

hfﬂ >0,i=1,...,mthat B,(u,v) = %Hu — v, where |w||3, = wlH,w;

¢ ¢
The Interior Prox method (138) is equivalent to an interior quadratic prox
(IQP) in the rescaled from step to step dual space, i.e.

1
Ao = argmax{d(2) = 1A = Al |4 € R (146)

where H}, = diag(hy’) = diag(2¢"(1 + 6;(Ais+1/Ais — D)(Xis) ™) and
0<6’<I;

The IQP is equivalent to an interior ellipsoid method (IEM) for the dual
problem;

There exists a converging to zero sequence {rs > 0}°2. and step sy > 0
such that, for Vs > g, the LT method (136)—(137) with truncated MBF
transformation ¥, (t) is equivalent to the following IEM for the dual problem

As+1 = argmax{d(A)|A € E(Ay, 1)}, 147)
where Hy = diag(A; )L, and
E(Ag, 1) ={A: (A — )LS)THS_Z(A —A5) < rf}

is Dikin’s ellipsoid associated with the standard log-barrier function
F(A) = —)_iL, In A, for the dual feasible set R} .

Proof. (1) Tt follows from ¢(1) = ¢'(1) = 0 that

By ) = 3 Yp 0+ 6~ -1 (148)
i=1 vi vi

where 0 < 0, < 1,i=1,...,m.
Due to (3a) from Assertion 4, we have ¢” (1 + 6;(;: — 1)) = mo > 0, and due
to property (2a) of ¥ € ¥, we have v € R} ,, therefore

By = 20" (1+ 6,(= — )2 > 0,i=1,....m.
m

1
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We consider the diagonal matrix H, = diag(h; ™ ., then from (148) we have

=1
1
By(u,v) = = |lu—v|} . (149)
2 4

(2) By takingu =A,v = A and H, = H;, from (138) and (149) we obtain (146)

(3) Let’s consider the optimality criteria for the problem (146). Keeping in mind
As+1 € R, we conclude that A, is an unconstrained maximizer in (146).
Therefore one can find g;4+ € dd(As4+1) that

8s+1 — k_lHi;(As+l - AS) =0. (150)
Let r; = [|As+1 — Asllm, we consider an ellipsoid
Ey(sr) = {41 (A=A Hy (A =) =17}

with center A; € R% , and radius ;. It follows from 4) of Assertion 5 that
E(As, ry) is an interior ellipsoid in R} , , i.e. Ey(As,75) CRY .

Moreover Ag11 € 0E,(Ag,ry) = {4 @ (A — AS)TH;()L - ) = 2,
therefore (150) is the optimality condition for the following optimization

problem
d(As41) = max{d(A)|A € E,(Ay, 1)} (151)
and (2k)~! is the optimal Lagrange multiplier for the only constraint in (151).
Thus, the Interior Prox method (138) is equivalent to the IEM (151).
(4) Let us consider the LT method (136)—(137) with truncated MBF transforma-
tion.

From (139) follows that for s > sy only Bregman distance

YoM A
By(A, A;) = Z(—an +5-D
i=1 i i

is used in the LT method (136)—(137). Then
VI Bay(A, A)ama, = H 2 = (I-Ay) 72
In view of B, (A;, Ay) = 0 and V,;B,(A,, A;) = 0™, we obtain

1
By(4,4s) = i(k - AS)THS_Z(/\ —As) +o(lA = /'{5”2) =

= 04 A) + oA = Al).
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It follows from (139) that for a any s > so the term o([| 1,41 — A||?) can be
ignored. Then the optimality criteria (150) can be rewritten as follows

g1 —k 'H 2 (A1 — Ay) = 0.
Therefore
d(As+1) = max{d(A)|A € E(As, 15)}.
where 2 = Q(A41, A;) and
E(As, 1) = {A: (A= A)H2(A — &) = 17}

is Dikin’s ellipsoid. The proof is completed O

The results of Theorem 10 were used in [49] for proving convergence LT
method (136)—(137) and its dual equivalent (138) for Bregman type distance
function.

Now we consider the LT method with truncated MBF transformation ;.

It follows from (130) and (139) that for s > sy only original transformation
Y2(f) = In(r + 1) is used in LT method (136)-(137), therefore only Bregman
distance B (u, v) = > =, (= In(u;/v;) +u;/v;—1) is used in the prox method (138).

In other words, for a given k > 0 the primal-dual sequence {x;,A;}32; is
generated by the following formulas

Xo1 Vil (Xoq1, As k) =

m (152)
Vi)=Y Ais(1 4+ ks ) Veilxerr) = 0

i=1
Mgttt At = Ais(L+ kA ciCe) ™ i=1,...,m. (153)

The method (152)—(153) Matioti and Gonzaga called M?BF (see [37]).

Theorem 11. Under condition of Theorem 9 the M*>BF method generates such
primal—-dual sequence that:

(1) d(As41) > d(Ay), s = 50
(2) a) im0 d(kv) = d(k*)! b) hmvﬁoof(xs) Zf(X*) and

¢) lim dy(dA,,L*) =0
§—>00

(3) there is a subsequence {s;}{2, that for iy = Ais (ZS’“ /1,'_5)71 the sequence

S=15]

(X1 = 2ok dixg )2, converges and limy00 X = X € X*.

S=1s]
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Proof. (1) From Theorem 10 follows that LT (152)—(153) is equivalent to the prox

@)

method (138) with Bregman distance. From (138) with A = A; we obtain

A1) = dg) + K7D (=i /Ais) + At /Ais — 1. (154)

i=1

The Bregman distance is strictly convex in u, therefore from (154) follows
d(Agt1) > d(Ag) unless Ay = Ay € RY , then ¢i(x,41) = 0,i =1, ..,m and
(X541, As+1) = (¢, A*) is a KKT pair.

The monotone increasing sequence {d(A;)}2, is bounded from above by
f(x*), therefore there exists d = lim,_,o0 d(A;) < d(A*) = f(x*).

The first step is to show that d = d(1*).

Using V,B,(v,w) = VF(v) — VF(w) for v = A; and w = A4 we obtain

ViBa(A, As41) /2=, = Vo(A)—Vo(Ast1) = (— Z)\Zslei + Zkfslﬂei) .
i=1 i=1
From the three point identity (135) withu = A*, v = A, w = A4 follows
Ba(A*, As) — Ba(A™, Agp1) — Bo(As1,Ay) =

(Vo(Ay) = Vo(Agr1), A1 — A) =

m B ~ i (155)
YA+ A D) i = A0).
i=1

From the update formula (153) follows

kei(xg+1) = —A;SI + /\;S:_l, i=1,...,m.
Therefore, keeping in mind, B, (A, As+1) > 0 we can rewrite (155) as follows

Ba(A*, Ay) = Ba(A™, As1) = k(c(st1)s A1 — A).
From —c(x,+1) € dd(A;41) we obtain
d(A) —d(Agt1) = (—c(xe41). A — Ag1). VA € RY. (156)

For A = A* from (156) we get

(c(st1)s As1 =A%) = d(A™) —d(Ay41).
Hence,

Bo(A*, Ag) —Bo(A*, Agy1) = k(d(A*) — d(Agg1)). (157)
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Assuming lim, o d(A;) = d < d(A*) we have d(A*) —d(A;) > p > 0,Vs >
s0. Summing up (157) from s = 59 to s = N we obtain

By(A*, Ayy) — k(N = s0)p = Bo(A™, Ay+1).
which is impossible for large N. Therefore
lim d(A,) = d(A%). (158)
§—>00

From (156) with A = A, we obtain

d(Ag) —d(Agy1) < (—c(Xeg1), Ay — Agy1).

Using the update formula (153) from last inequality we obtain

d(ks-i-l) - d(ks)) = (C(xs-i-l)’ Ag — As+1) =

kY AishisticiCort) = kY Aig/Aist1 i)’ (159

i=1 i=1
Summing up (159) from s = 5o to s = N we have
N m
d(A*) —d(As,) > d(An+1) —d(As) = k Z Zki,s//xi,s-i-l (Aist1cixe1))’.
s=s0 i=1
Keeping in mind (139) we obtain asymptotic complementarity condition
lim (A, c(x;)) = 0. (160)
§—>00
Therefore
d(A*) = lim d(Xy) = lim [f(x;) — (A, c(x5))] = lim f(x,),
§—>00 5§—>00 5§—>00
that is

lim f(x;) = d(A") = f(x"). (161)

From Slater condition follows boundedness of L*. Therefore from concavity
of d follows boundedness A(A¢) = {A € R% : d(A) > d(Ao)}. For any
monotone increasing sequence {d(4,)}2 follows boundedness A; = {A €

R% 1 d(d) > d(As)} and Ag D ... D Ay D Agyy D ... D L*. Therefore
from (108) we have

dy(L*,04,) > dy (L™, 0As41), 5 = s0. (162)
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From (161) and (162) and continuity of d follows
lim dy(L*,0A;) = 0.
§—>00

(3) The dual sequence {As}2, C A(Ag) is bounded, therefore there is a
converging subsequence {A,}72,: limsoo Ay, = A
Consider two subsets of indices I = {i : A; > 0} and Iy = {i : A; = 0}. From
the asymptotic complementarity (160) follows limy_,o ¢i(x;) = 0,i € 1.
There exist such subsequence {s;}j2, that for any i € [, we have
limj»00 Ais, = O, therefore without loosing the generality we can assume
that

AiqSI-H < O.SA,’J,, i€l.

Using the update formula (153) we obtain

SI41
A’SH.] H(kki.sci(xs) + 1) = Ai,_w > 2/‘{1'.514_1’ i € IO~

s=S5]

Invoking the arithmetic-geometric means inequality for i € Iy we obtain

Si+1 — 81

s=S5]

1 841 Si41 ﬁ .
— LS W) + 1) (H(kxi.sci(xs) " 1)) > 271

S=5]
or

Si+1

in,sci(xs) > 0, i€ 10.

s=51

Using Jensen inequality and concavity ¢; we obtain

Si+1 Si4-1
ci(Xi41) = ci (Z )_\i.sxs) > diseilx) > 0,

S=s] s=S5]

where A, = Ai (Zi’:;lki.s)_l >0, Yt Xis = 1,i € Iy. Keeping in
mind lim,, o ci(x;) = 0, i € I} we conclude that the sequence {X;4}2, is
asymptotically feasible, therefore it is bounded. Without loosing generality we
can assume that lim;— o X; = x € £2.

From convexity f follows

Si4-1

fGE) £ Aisf ().

s=5]
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Therefore from (161) follows
f@) = lim f(x41) < lim f(x;) = lim d(A,) = d(A") = f(x").
=00 §—>00 §—>00

Thus, f(¥) = f(x*), hence d(A*) = d(A) and ¥ = x*, A = A*. u]
The items (1) and (2a) of Theorem 11 were proven by Matioli and Gonzaga (see
Theorem 3.2 in [37]).

6.4 Lagrangian Transformation and Affine Scaling Method for
LP

Leta € R",b € R" and A : R" — R™ are given. We consider the following LP
problem
x* € X* = Argmin{(a,x)|c(x) = Ax—b > 0} (163)

and the dual LP
A* € L* = Argmin{(b,2)|r(A) = ATA —a=0,1 € R }. (164)
The LT .Z : R" x R” x R4+ — R for LP is defined as follows

LAk = (@.x) =k " (khici(x). (165)

s=1

where ¢;(x) = (Ax—b); = (a;,x) —b;, i=1,...,m.

We assume that X* # ¢ is bounded and so is the dual optimal set L*.

The LT method generate primal—dual sequence {x,41, A,41}52, by the following
formulas

Xs+1 - ng(xs+la As, k) =0 (166)
Ast1  Aist1 = Aig¥ (ksAigci(xsy1)).i=1,....m. (167)
Theorem 12. If the primal optimal X* is bounded, then the LT method (166)—

(167) is well defined for any transformation W € W. For the dual sequence {1},
generated by (167) the following statements hold true:

(1) the LT method (166)—(167) is equivalent to the following Interior Prox
k(b, A1) — By(Agy1, As) = max{k(b, 1) — B,(A, Ay) |IATA = 0},

where B, (u,v) = Y i, (%) is the Bregman type distance;

Vi
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(2)
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there exists so > 0 that for any s > so the LT method with truncated MBF

transformation Y,(t) is equivalent to the affine scaling type method for the
dual LP.

Proof. (1) We use the vector form for formula (167) assuming that the multipli-

@

cation and division are componentwise, i.e. for vectors a, b € R”, the vector
c=ab = (¢ =ab;, i=1,...,n) and the vector d = a/b= (d; = a;/b;,
i=1,...,n). From (167) follows

As ,
A_H = ¥/ (kAsc (1)) (168)

Using again the inverse function formula we obtain
khse(er1) = ¥ (Asp1/A9). (169)
It follows from (166) and (167) that
Vil (K41, A k) = a — ATy (kKAge(xgr1))As = a — AT Aoy
= V,L(Xg+1, As+1) = 0,
therefore
d(As+1) = L(xs41, A1) = (@, x541) — (Asq1, Axgqy — ) =
(@—=ATA1, x%041) + (b, A1) = (b, Ast).
Using LEID ¢! = ¥* and ¢ = —y* we can rewrite (169) as follows
— ke(xog1) = (A) 70 (Asg1/A5) = 0. (170)

Keeping in mind A7 A,y = a, —c(x;+1) € dd(Asy;) and A4 € R™ ., we can
view (170) as the optimality criteria for the following problem

k(b. As11) — By(Ayr1. Ay) = max{kd(A) — B,(A. A)ATA = a},  (171)

q
where B, (A, A;) = Z @(Ai/A;s) is Bregman type distance.

i=1
Let’s consider the LT method with truncated MBF transformation v, (). It
follows from (139) that there exists s¢ that for any s > sy only MBF kernel
@2 = —Ins + s — 1 and correspondent Bregman distance

! Ao A
Bo(A, Ay) = Z(—lnr +5- D
i=1 ) LS
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will be used in (171). Using considerations similar to those in item 4)

Theorem 10 we can rewrite (171) as follows

k(b, Ayr1) = argmax{k(b, \)|A € E(A,,1y), ATA = a},

(172)

where 12 = Q(As41, Ay) and E(Ay, 1) = {)L A= A)TH2(A— Ay < rx} is
Dikin’s ellipsoid and (172) is affine scaling type method for the dual LP (see

[18]).

In the final part of the paper we will show the role of LET and LEINV in
unconstrained minimization of SC functions. For the basic SC properties and

damped Newton method see [42] and [43].

7 Legendre Invariant and Self-Concordant Functions

We consider a closed convex function F € C* defined on an open convex set
domF C R”. For a given x € domF and direction u € R" \ {0} we consider

the restriction

J(0) = F(x + )

of F, which is defined on domf = {r : x + tu € domF}. Along with f, let us

consider its derivatives
@ = (VF(x+ w),u),
[0 = (V2F(x + tuyu, ),
(1) = (V3F(x + tu)[u]u, u) ,

where VF is the gradient of F, V2F is the Hessian of F and
V3F(x)[u] = lim 7! [VZF(x + tu) — VZF(x)] .
7—>40
Then,

DF(x)[u] := (VF(x),u) =f'(0),
D?F(x)[u, u] := (V*F(x)u,u) = f"(0),
D3F(x)[u, u, u] := (V3 F(x)[u]u, u) = f"(0).

Function F is self-concordant if there is M > 0 such that the inequality
D*F(x)[u, u,u] < M(V*F(x)u, u)%

holds for any x € dom F and any u € R".
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If for a SC function F the dom F does not contain a straight line, then the Hessian
V2F(x) is positive definite at any x € dom F. We assume that such condition holds,
so for any x € dom F and any u € R" \ {0} we have

(VEF(x)u,u) = £ (0) > 0, (173)

that is F is strictly convex on dom F.

A strictly convex function F is self-concordant (SC) if the Legendre invariant of
the restriction f(¢t) = F(x + tu) is bounded, i.e. for any x € dom F and any direction
u=y—xeR"\ {0} there exist M > 0 that

LEINV(f) = [f”(0)|(f"(£))"2 <M, Vt:x+ tu € domF. (174)

Let us consider the log-barrier function F'(x) = — Inx, then for any x € dom F' =
{x:x>0}wehave F/(x) = —x ', F(x) = x 2, F"(x) = —2x 3 and

LEINV(F) = [F"(x)| (F"(0)"* <2. (175)

Therefore, F(x) = —Inx is self-concordant with M = 2.
The following function

g(t) = (V2F(x + yu,u)~"/? = (f//(t))—l/z,

is critical for the self-concordance (SC) theory.
For any ¢ € domf, we have

_ d [(f//(t))—l/Z]

1
/(¢ = —— "N (¢ —3/2.
g - £ 06" 0)
It follows from (175) that
0.5LEINV(f) = |¢'()] <1, Vt e domf. (176)

The differential inequality (176) is the key element for establishing basic bounds for
SC functions.

The other important component of the SC theory is two local scaled norms of a
vector u € R". The first local scaled norm is defined at each point x € dom F as
follows

lul, = (V2Fu. )" .

The second scaled norm is defined by formula

lo)* = ((VZF(x))_l v, v)l/z .
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From (173) follows that the second scaled norm is well defined at each x € dom F'.
The following Cauchy-Schwarz (CS) inequality for scaled norms will be often used
later.

Let matrix A € R™” be symmetric and positive definite, then A'/? exists and

()| = [(A2u, A7V20)| < A2 A2

= (A2, AV2)' (a1, AY2) '

1/

_ 2
= (Au, )" (A0, 0) 7 = Jully [vlly-r -

By taking A = V2F(x), for any u, v € R" one obtains the following CS inequality:

(., v)| = Nullc 0I5 -
The following Proposition will be used later.
Proposition 1. A function F is self-concordant if and only if for any x € domF and
any uy, uy, uz € R"\ {0} we have

3
|D*F(x) [, ug.us]| < 2] lluill, - (177)

i=1
where D3F (x)[uy, uy, us] = (V3F(x)[u1|uz, u3).

The following theorem establishes one of the most important facts about SC
functions: any SC function is a barrier function on dom F. The opposite statement
is, generally speaking, not true, that is not every barrier function is self-concordant.
For example, the hyperbolic barrier F(x) = x~! defined on dom F = {x : x > 0} is
not a SC function.

Theorem 13. Let F be a closed convex function on an open dom F. Then, for any
X € d(dom F) and any sequence {x;} C dom F such that x; — X, we have

lim F(x,) = 00. (178)
S—>00

Proof. From convexity of F follows
F(x5) = F(x0) + (VF(x0), x5 — X0)

for any given xo € dom F.

So, the sequence {F(x;)} is bounded from below. If (177) is not true, then the
sequence {F(x,)} is bounded from above. Therefore, it has a limit point F. Without
loss of generality, we can assume that z, = (x,, F(x;)) — z = (X, F). Since the
function F is closed, we have z € epiF, but it is impossible because x ¢ dom F.
Therefore for any sequence

{x;} CdomF : lim x;, = x € d(dom F)
§—>00

we have (177). It means that F is a barrier function on the c/(dom F). O
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For any x € dom F, and any u € R" \ {0} from (173) follows
(V2F(x)u, u) = |Jul> >0 (179)

and for V¢ € domf we have

() = (V2F(x + tyu,u) "% = Jul| 7, > 0. (180)

7.1 Basic Bounds for SC Functions

In this section the basic bounds for SC functions will be obtained by integration of
inequalities (176) and (177).

First Integration Keeping in mind f”'(¢) > 0 from (176), for any s > 0, we obtain

—/Osdtffosd(f”(t)“/z) gfoxdt.

f//(o)—l/z —s Sf//(s)—l/z Sf//(o)—l/z 45 (181)

Therefore

or

(f//(())—l/z + S)_2 Sf-//(s) < (fl/(o)—l/Z - S)_2 ) (182)
The left inequality in (182) holds for all s > 0, while the right inequality holds only
for0 < s < f”(0)~1/2,

Letx,y € domF,y # x,u =y—xand y(s) = x+s(y—x),0 <s < 1,50
y(0) = x and y(1) = y. Therefore,

£0) = (VPF@)(y —x), y —x) = |y —x]?

and
1O = ly—x|, .
Also,
/() = (VFG) G —x), y—x) = |y —x[;
and

OV =y —xl|, .
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From (181), for s = 1 follows

f//(o)—l/z —1 Sf//(l)—l/z Sf//(o)—l/z +1,

or
1 1 1
— 1< = +1
lly — I, Iy —=xll, = Ily = xll,
From the right inequality follows
Iy =l = e (183)
Ty =,
If |ly — x||, < 1, then from the left inequality follows
Iy -, = 2= (184)
T =y =,
By integrating (176) we get
g(®) = g(0)—|t|, tedomf. (185)

For x + tu € dom F from (180) follows g(f) > 0. From Theorem 13 follows
F(x + tu) — oo when x + fu — d(dom F). Therefore, (V2F(x + tu)u, u) cannot be
bounded when x + fu — d(dom F). Therefore from (180) follows g(f) — 0 when
x + tu — d(dom F). It follows from (185) that any ¢ : || < g(0) belongs to domf,
ie.

(—£(0),£(0)) = (—[lull7", [lull7")  domf .
Therefore, the set
E'(x, 1) = {y =x+m:r ||u||§ < 1}
is contained in dom F'. In other words, the Dikin’s ellipsoid
Er)={ye R : [y—x <1}
is contained in dom F for any x € dom F and any r < 1.
One can expect that, for any x € dom F and any y € E(x, r), the Hessians V?F(x)

and V2F(y) are “close” enough if 0 < r < 1 is small enough. The second integration
allows to establish the corresponding bounds.
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Second Integration Let us fix x € dom F, for a given y € dom F (y # x) consider
direction u = y —x € R"\ {0}. Let y(f) = x + tu = x + t(y — x), then for 7 > 0 and
y(f) € dom F we have

v = lullfy = F GO u).
It follows from Proposition 1 that
W' (0] = D FO@O)y — % uu] < 21y =xllyo lully =21y = xlyo ¥ ().

First of all, ||y(f) — x||x < ||y — x||x for any ¢ € [0, 1]. Keeping in mind that y — x =
' (y(f) — x) and assuming ||y — x||, < 1 from (184) follows

, 2 2 ||J’(t) _x”x
lv'(n)| < p (@) —xllyoy ¥ () < T T= @) — . V(1)
ly — x|,
=y —a,

Therefore for 0 < ¢ < ||y — x|/, follows

WOl _ 2ly—al,
Y@ Tty =,

By integrating the above inequality we get

s _ S (¢ s _
_2/ lly — xI|, di < 14 ()dt§2/ lly — xI|, dr.
o L—t]y—x|, o V() o L—tly—x|,

for0 <s < ||y — x||;!, hence

2In(1 =s|ly—x[,) <Iny(s) —Iny(0) < -2In(1 —s|y—x|,) .
For s = 1, we have
Y(0) (1= [y —x)* < v (@) <O (1 —[ly—x])" . (186)

In view of ¥ (0) = (V2F(x)u, u) and ¥ (1) = (V2F(y)u, u) for any u € R" \ {0}
from (186) follows

(1= lly = *1)* (VF@u,u) < (VF@u,u) < (1= lly = x[) 7> (VFu, u) .

Therefore the following matrix inequality holds

(1= Iy = ll)* V2F@) < V2F() < V2F@) (1= |y = 2[,) 7, (187)
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where A > B means that A — B is nonnegative definite. Note that (187) takes place
for any x,y € dom F.
In order to find the upper and the lower bounds for the matrix

1
G :/ V2F(x 4+ t(y — x))dt (188)
0

let us consider (187) for y := x + t(y — x).
From the left inequality (187) follows

1 1
G= / V2F(x + t(y — x))dt = sz(x)/ (=t |y—x|) dr.
0 0
Therefore, for r = ||y — x|, < 1, we have

1 2
G = VZF(x)/ (1 —1r)%dt = V*F(x) (1 —r+ %) . (189)
0

From the right inequality (187) follows

1
1
G < V?F(x) / (1—1r)2dr = VZF(x)l , (190)
0 —r
i.e. for any x € dom F, the following inequalities hold:
”\ o2 I o
1—r+? VF(x)<G$1—VF(x). (191)
—r
The first two integrations produced two very important facts.
1. For any x € dom F, Dikin’s ellipsoid
E(x,r)={yeR": ly—xl} <r}
is contained in dom F, forany 0 < r < 1.
2. For any x € dom F and any y € E(x, r) from (187) follows
(1 =)’V F(x) < VZF() < V2F(x). (192)

(1—r)?
i.e. the function F is almost quadratic inside the ellipsoid E(x, r) for small 0 <
r<1l1.

The bounds for the gradient VF(x), which is a monotone operator in R", we
establish by integrating (182).
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Third Integration From (182), for0 < < f(0)™"/? = |ly—x||7'and0 < s < 1
we obtain

fs (70 —|—t)_2dt < /Sf”(t)dt < /S (7)1 _t)—z i@,
0 0 0
or
f/(()) +f//(0)1/2 (1 _ (1 _,’_sf//(O)I/Z)*l)
<76 = O 0 (1= (1-5"©)) 7).
The obtained inequalities we can rewrite as follows
F O +w (" 02) <f () <O +w (" (0)2), (193)
where w(f) = r—In(1+1) and w*(s) = sup,. _{st—r+In(1+1)} = —s—In(1—s) =

w(—s) is the LET of w ().
From the right inequality (193), for s = 1 follows

1 ) ()
1 _f//(o)l/z 1 _f//(0)1/2 )

P =£10) < ()2 (1 -

Recalling formulas for f7(0), f/(1), f”(0), and /(1) we get

2
(VF() — VF@).y—x) = 25l (194)
L=y — x|,
for any x and y € dom F.
From the left inequality in (193), for s = 1 follows
1 1"(0)
/1_/O>//Ol/2 1— —
FH)=F©) 2f© o) = T
or
ly = 13
(VF(y) — VF(x),y —x) > ————. (195)
1+ fly —x,

Fourth Integration In order to establish bounds for F(y) — F(x) it is enough to
integrate the inequalities (193).
Taking the integral of the right inequality (193), we obtain

f(s) < £(0) + £/ (0)s + 0* (f(0)"/25)
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F(0) + £/ (0)s — £(0)/*s — In (1 — £ (0)"/2s)
= U(s). (196)

In other words, U(s) is an upper bound for f(s) on the interval [0, f”(0)~"/?). Recall
that f(0)~"/2 = |y — x||7! > 1. For s = 1 from (196) follows

) =f(0) <£'(0) + ™ (F"(0)'?) = £/(0) + @™ (lly — x],) - (197)
Keeping in mind £(0) = F(x), f(1) = F(y), from (197), we get
F(O) = Fx) < (VF(x),y—x) + o* (ly—x[,) . (198)
Integration of the left inequality (193) leads to the lower bound L(s) for f(s)
F(8) = £(0) +f'(0)s +  (£7(0)'2s)

= £(0) + £ (0)s + f"(0)"/%s — In (1 + £ (0)"/25)
=L(s), Vs>0. (199)

For s = 1, we have
F) =£0) = f'(0) +  ('(0)?)
or
F(y) = F(x) = (VF(x),y —x) + o (ly —xll,) - (200)
We conclude the section by considering the existence of the minimizer
x* = argmin{F(x) : x € dom F} (201)

for a self-concordant function F.

It follows from (173) that the Hessian V2F(x) is positive definite for any x €
dom F, but the existence of x* : VF(x*) = 0, does not follow from strict convexity
of F.

However, it guarantees the existence of the local norm |jv||; = ((VZF (x))_1

v,v)l/2 > 0 atany x € dom F.

For v = VF(x), one obtains the following scaled norm of the gradient VF(x),
M) = (VF0)TVF), VF®)" = [VF®); >0,

which plays an important role in SC theory. It is called Newton decrement of F at
the point x € dom F.
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Theorem 14. [If A(x) < 1 for some x € dom F then the minimizer x* in (201) exists.

Proof. Foru = y —x # 0 and v = VF(x), where x and y € domF from CS
inequality |(u, v)| < ||lv|| ||u]|, follows

[(VE@),y =0 < [VF@T Iy =], - (202)
From (200) and (202) and the formula for A(x) follows
F(y) = F(x) = =A0) ly — x|, + @ (ly —x].,) -
Therefore, for any y € Z(x) = {y € R" : F(y) < F(x)} we have
o (ly = x[l) = A) Iy — [, .
ie.
by =l o (y =) <A@ < 1.

From the definition of w(r) follows

1
— o A+ ly—x]) = Ak) < 1.
lly =l

The function 1 — 7~ In(1 + 7) is monotone increasing for z > 0. Therefore, for a
given 0 < A(x) < 1, the equation

1—A(x) =1t 'In(1 4 1)
has a unique root T > 0. Thus, for any y € .Z(x), we have
ly—=xl, =7,

i.e. the level set .Z(x) at x € dom F is bounded and closed due to the continuity of
F. Therefore, x* exists due to the Weierstrass theorem. The minimizer x* is unique
due to the strict convexity of F(x) for x € dom F'. O

The theorem presents an interesting result: a local condition A(x) < 1 at some
x € dom F guarantees the existence of x*, which is a global property of F on the
dom F'. The condition 0 < A(x) < 1 will plays an important role later.

Let us briefly summarize the basic properties of the SC functions established so
far.

1. The SC function F is a barrier function on dom F.
2. For any x € dom F and any 0 < r < 1, there is a Dikin’s ellipsoid inside dom F,
i.e.

EGer)={v:ly=xI2 = r| C domF.
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3. For any x € domF and small enough 0 < r < 1, the function F is almost
quadratic inside of the Dikin’s ellipsoid E(x, ) due to the bounds (192).

4. The gradient VF is a strictly monotone operator on dom F with upper and lower
monotonicity bounds given by (194) and (195).

5. For any x € dom F and any direction u = y — x, the restriction f(s) = F(x +
s(y — x)) is bounded by U(s) and L(s) (see (196) and (199)).

6. Condition 0 < A(x) < 1 at any x € dom F guarantees the existence of a unique
minimizer x* on dom F.

It is quite remarkable that practically all important properties of SC functions
follow from a single differential inequality (176), which is, a direct consequence of
the boundedness of LEINV(f).

We conclude the section by showing that Newton method can be very efficient
for global minimization of SC functions, in spite of the fact that F is not strongly
convex.

7.2 Damped Newton Method for Minimization of SC Function

The SC functions are strictly convex on dom F. Such a property, generally speaking,

does not guarantee global convergence of the Newton method. For example, f (1) =

~/1 + 2 is strictly convex, but Newton method for finding minf(r) diverges from
t

any starting point fo ¢] — 1, 1].

Turns out that SC properties guarantee convergence of the special damped
Newton method from any starting point. Moreover, such method goes through three
phases. In the first phase each step reduces the error bound Af(x) = f(x) —f(x*) by
a constant, which is independent on x € dom F. In the second phase the error bound
converges to zero with at least superlinear rate. The superlinear rate is characterized
explicitly through w(A) and its LET w*(4), where 0 < A < 1 is the Newton
decrement. At the final phase the damped Newton method practically turns into
standard Newton method and the error bound converges to zero with quadratic rate.

The following bounds for the restriction f(s) = F(x + su) at x € dom F in the
direction u = y — x € R" \ {0} is our main tool

L =fl= Uls) . (203)

>0 0<s<f(0)—(/2

Letx € domF, f(0) = F(x) and x # x*, then there exists y € dom F such that for
u=y—x7# 0 we have

a) f'(0) = (VF(x),u) <0, and
b) f'(0) = (V*F(X)u,u) = ||ul; = d* > 0. (204)
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We would like to estimate the reduction of F, as a result of one Newton step with
x € dom F as a starting point.
Let us consider the upper bound

U(s) = f(0) + f(0)s — ds — In(1 — ds) ,

for f(s). The function U(s) is strongly convex in s on [0, d)~!. Also, U’(0) = f'(0) <
0 and U’(s) — oo for s — d~'. Therefore, the equation

U(s) =f(0)—d+d(l —ds)™ =0 (205)

has a unique solution 5 € [0,d™"), which is the unconstrained minimizer for U(s).
From (205) we have

5= —f0)d > (1-£0d") " = A1+ 1)

where A = —f'(0)d 2> and 0 < A = —f’(0)d~! < 1. On the other hand, the
unconstrained minimizer s is a result of one step of the damped Newton method for
finding mi(r)l U(s) with step length ¢ = (1 + A)~! from s = 0 as a starting point. It is

easy to see that
U((1+21)7'A) =£(0) — o).
From the right inequality in (203), we obtain
FA+1712) <£(0) —0@). (206)

Keeping in mind (204) for the Newton direction u = y —x = —(V2F(x))"!VF(x)
we obtain

SO (VF@uw)
T T (VF@uw

In view of f(0) = F(x), we can rewrite (206) as follows:
Fx— 1+ (VF(x)'"VF(x) < F(x) —w(}). (207)

In other words, finding an unconstrained minimizer of the upper bound U(s) is
equivalent to one step of the damped Newton method

Xewr = x5 — (1 4+ A0) ™ (V2F(x) ™' VF(x) (208)

for minimization of F(x) on dom F. Moreover, our considerations are independent
from the starting point x € dom F'. Therefore, for any starting point xo € dom F and
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k > 1, we have
F (1) < F () —o(d). (209)

The bound (209) is universal, i.e. it is true for any x; € dom F.
Let us compute A = f'(0)f”(0)~'/? for the Newton direction

u=-V2Fx)“'VF(x).
We have

A=) =—f(0)f"©0)"

(VF(x),u)
(V2F(x)u, u)!/?

= (V2 F(0)"'VF(x), VF(x))"?
= |[VFWI} .

We have seen already that it is critical that 0 < A(x;) < 1, Yk > 0.

The function w(t) = ¢ —In(1 + ¢) is a monotone increasing, therefore for a small
B >0and 1 > A(x) > B, from (209) we obtain reduction of F(x) by a constant
w(p) at each damped Newton step. Therefore, the number of damped Newton steps
is bounded by

N < (@(B) " (F(*) — F(x*)).
The bound (209), however, can be substantially improved for
xe€SE*,r)={xedomF: F(x)—F(x*) <r}

and0 < r<1.
Let us consider the lower bound

L(s) = f(0) +£/(0)s +ds —In(1 +ds) < f(s), s5=0.
The function L(s) is strictly convex on s > 0. If 0 < 1 = —f"(0)d~" < 1, then
L'(Aaa-n")=o.
Therefore,

5= A(—1)"" = argmin{L(s) | s > 0}
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Fig. 2 Lower and upper bounds of a self-concordant function

and
L(3) = £(0) — w(=A).
Along with 5 and § we consider (see Fig. 2)
s* = argmin{f(s) | s > 0}.

For a small 0 < r < 1 and x € S(x*,7), we have f(0) — f(s*) < 1, hence
f(0) —f(5) < 1. The relative progress per step is more convenient to measure on the
logarithmic scale

GO —f6)
In(f(0) - f(s*))
From w(1) < f(0) —f(s*) < 1 follows —Inw(A) > —In(f(0) — f(s*)) or In(f(0) —

f(s*)) > Inw(A). From f(s) < f(0) — w(A) and f(s*) > f(0) — w(—A) follows (see
Fig 2)

fG) —f(") = o(=2) — ).

Hence,

In(f(5) = f(s%)) < In(w(=1) — w(1))
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and

In(w(=A) — (1))
D= —0m
In (=24 + In(1 + A)(1 = A)7)
In(A —In(1 + A))

For 0 < A < 0.5, we have

In particular, «(0.40) ~ 1.09. Thus, the sequence {x;}r=, generated by the damped
Newton method (208) with A(x;) = 0.40 converges in value at least with 1.09 Q-
superlinear rate, that is for the error bound the A(x;) = F(x;) — F(x*) < 1, we have
A1) < (Al)™.

Due to limpoo A(xy) = limgooo |[VF(x)|lx = 0 from some point on,
method (208) practically turns into the classical Newton method

X1 =X — V2F () "' VF(x) (210)

which converges with quadratic rate.

Instead of waiting for this to happen, there is a way of switching, at some
point, from (208) to (210) and guarantee that from this point on, only Newton
method (210) is used. Using such a strategy it is possible to achieve quadratic
convergence earlier.

The following Theorem characterize the neighborhood at x* when quadratic
convergence accuracy.

Theorem 15. Let x € dom F and
A = (V2F@)'VF(), V() <1,

then,

1. the point
¥=x—V*F(x)"'VF(x) (211)

belongs to dom F';
2. the following bound holds

o (A Y
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Proof. 1. Letp =X —x = —V?F(x)"'VF(x), A = A(x), then

Ipl, = (V2Fp.p)'" = (VF(), V2F(0)™'VF(x)"?
— [VF@[F = A(x) = A < 1;

therefore, x € dom F.
2. First of all, note that if A = AT = 0, B = B” > 0 and A > B, then

A" =B '=-A"'4-B)B ! x0.
For y = X from the left inequality in (187), we obtain
A® = IVF@IE = (= lpll) ™ (VZFO T VF@, VFG)"
= (1= lpl)" IVF@®I -
We can then rewrite (211) as follows
V2F(x) (k —x) + VF(x) = 0.
Therefore,
VF(x) = VF(&) — VF(x) — V’F(x)(k —x) .

Then, using (188) and formula (185) (see p. 6 [45]), we obtain
1
VF(x) — VF(x) = / (VZF(x +1(d—x) G —x)dr = GG —x).
0
Hence,
VF@®) = (G— V*F(x)) G—x) = GG —x) = Gp

and GT = G.

From CS inequality follows
IVF@IR = (V2P Gp. Gp) = (GV2F0)™' Gp.p)

~ N *
< |6v2reGp| Ipl, - (213)
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Then

N T . N " o N1/2
HGVZF(x)_leH — (GVZF(x)_le, v2F(x)—1Gv2F(x)—1Gp)

N ~ N1/2
- (H(x)ZVZF(x)_'/ZGp, VZF(x)_]/ZGp>
A o N1/2
< |HE| (V2Fe) ™ 2Gp, V2P~ 12Gp)

= |HW (V2F0) ™ Gp. Gp)

= |HE@)| (VF(0) ™' VFR), VF®)"
= |H@| [VFEI* ,

where H(x) = VZF(x)_l/zéVZF(x)_lﬂ, therefore V2F () %H(x)VzF% x) =

From (213) and the last inequality we obtain
IVE®I; < 1H®I lIpll, = AH®I .

It follows from (191)

22 - A
(—/\ - ?) VIF®) <G =G=VF < 17— VF®.

-
Then,
A 22 A
H ANl S
Il < max {25 -2 S = 5
Therefore,
2@ < — V@I < — R < —
<U=xr © Sy ST
or
AZ
AR) < ——— .
O=0"2
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We saw already that A = A(x) < 1 is the main ingredient for the damped Newton
method (208) to converge. To retain the same condition for A(%), it is sufficient to
require A(¥) < A < A2/(1—21)2. The function [A/(1—1)]? is positive and monotone
increasing on (0, 1). Therefore, to find an upper bound for A it is enough to solve
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the equation A /(1 — A)> = 1. In other words, for any A = A(x) < A= 3—ﬁ’ we

2
have
A 2
Ax — ] .
(X)S(l_k)

Thus, the damped Newton method (208) follows three major stages in terms of the
rate of convergence. First, it reduces the function value by a constant at each step.
Then, it converges with superlinear rate and, finally, in the neighborhood of the
solution it converges with quadratic rate.

The Newton area, where the Newton method converges with the quadratic rate is
defined as follows:

= 3-45
NE*, B) = {x A = |[VF@)|f <Bp<Ar= ;f} . (214)
To speed up the damped Newton method (208) one can use the following switching
strategy. For a given 0 < B < A = (3 — +/5)/2, one uses the damped Newton

method (208) if A(x;) > B and the “pure” Newton method (210) when A(x;) < B.

8 Concluding Remarks

The LEID is an universal instrument for establishing the duality results for SUMT,
NR and LT methods. The duality result, in turn, are critical for both understanding
the convergence mechanisms and the convergence analysis.

In particular, the update formula (107) and concavity of the dual function d leads
to the following bound

d(Agg1) —d(Ag) = (kL) ™| g1 — Al

which together with d(A;41)—d(A;) — 0 shows that the Lagrange multipliers do not
change much from same point on. It means that if Newton method is used for primal
minimization then, from some point on, usually after very few Lagrange multipliers
update the approximation for the primal minimizer x; is in the Newton area for the
next minimizer x4 1.

Therefore it takes few and, from some point on, only one Newton step to find the
next primal approximation and update the Lagrange multipliers.

This phenomenon is called—the “hot” start (see [46]). The neighborhood of the
solution where the “hot” start occurs has been characterized in [38] and observed in
[5, 10, 25, 41].

It follows from Remark 5 that, under standard second order optimality condition,
each Lagrange multipliers update shrinks the distance between the current and the
optimal solution by a factor, which can be made as small as one wants by increasing
k> 0.



The Legendre Transformation in Modern Optimization 505

In contrast to SUMT the NR methods requires much less computational effort
per digit of accuracy at the end of the process then at the beginning.

Therefore NR methods is used when high accuracy needed (see, for example,
[1D).

One of the most important features of NR methods is their numerical stability. It
is due to the stability of the Newton’s area, which does not shrink to a point in the
final phase. Therefore one of the most reliable NLP solver PENNON is based on
NR methods (see [32-34]).

The NR method with truncated MBF transformation has been widely used for
both testing the NLP software and solving real life problems (see [1, 5, 10, 25, 32—
34, 38, 41]). The numerical results obtained strongly support the theory, including
the “hot” start phenomenon.

The NR as well as LT are primal exterior points methods. Their dual equivalence
are interior points methods.

In particular, the LT with MBF transform v () = In(z 4 1) leads to the interior
prox with Bregman distance, which is based on the self-concordant MBF kernel
@(s) = —y*(s) = —Ins + s — 1. Application of this LT for LP calculations leads
to Dikin’s type interior point method for the dual LP. It establishes, eventually, the
remarkable connection between exterior and interior point methods (see [37, 49]).

On the other hand, the LEINV is in the heart of the SC theory—one of the most
beautiful chapters of the modern optimization.

Although the Legendre Transformation was introduced more than 200 years
ago, we saw that LEID and LEINV are still critical in modern optimization both
constrained and unconstrained.
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