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—— Abstract
During the workshop, we deeply discussed what CONversational Information ACcess (CONIAC)
is and its unique features, proposing a world model abstracting it, and defined the Conversational
Agents Framework for Evaluation (CAFE) for the evaluation of CONIAC systems, consisting of
six major components: 1) goals of the system’s stakeholders, 2) user tasks to be studied in the
evaluation, 3) aspects of the users carrying out the tasks, 4) evaluation criteria to be considered,
5) evaluation methodology to be applied, and 6) measures for the quantitative criteria chosen.
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Executive Summary

This workshop brought together 22 experts from both academia and industry in neighbor-
ing areas—namely Information Retrieval (IR), Recommender Systems (RS), and Natural
Language Processing (NLP)—in order to envision a new framework for the evaluation of
CONversational Information ACcess (CONIAC) systems and to discuss the related research
challenges.

The framework starts from the assumption that a CONIAC system will be able to
(i) interact with users more naturally and seamlessly, (ii) guide a user through the process
of refining and clarifying their needs, (iii) aid decision-making by making personalized
recommendations and information while being able to ezplain them, and (iv) generate,
retrieve and summarize relevant information. To this end, a CONIAC system needs to
cross the boundaries and mix different technologies, e.g., IR and RS, rely on both internal
knowledge about the user and external knowledge about the context where it is operating,
and, finally, track the stream of conversation events and dynamic changes in the user’s belief
and information state.

To support the development of such CONIAC systems, the Conversational Agents Frame-
work for Evaluation (CAFE) recognizes that, to follow the flow of conversational events and
system states, evaluation needs to consist of a dynamic sequence of evaluation probes, rather
than being a single static assessment as it is today. Then CAFE introduces six areas to guide
researchers and developers in defining what the evaluation probes should be for the case at
hand:

Stakeholder Goals discusses the diverse and often implicit objectives of various stake-
holders involved in system design. These stakeholders include users, system designers, app
developers, distribution platforms, content creators, publishers, advertisers, and editors.
Each group has distinct goals that may overlap or conflict with others. For a system to
be successful, it must address and balance these differing objectives. The section also
notes the importance of enriching user interactions by supporting secondary goals, such
as relationship-building and trust assessment, which enhance the overall user experience.
User Aspects investigates the different angles of users approaching systems with diverse
needs, such as answering questions, gaining knowledge, planning trips, or asking for
recommendations. Some users or user contexts might benefit more from conversational
systems due to some characteristics such as impairments or modality (e.g., hands-free
operation). Users’ conversational information access tasks can also vary based on cultural
contexts, affecting how they interact with systems. When evaluating the system, it will
be essential to consider these user aspects, as different users may have very different
conversations and experiences with the system.

Task explores the characteristics and tasks suitable for CONITAC systems, which are
defined by factors such as information need, human involvement, goal orientation, and
iterative interaction. The proposed model categorizes tasks based on their complexity and
definiteness, with well-defined tasks needing focused iterative interactions and ill-defined
tasks requiring exploratory search and learning. This section presents examples, such as
hypothesis formulation, product search, travel planning, and health information seeking,
illustrating how CONIAC systems can adapt to evolving user needs and provide more
tailored assistance compared to conventional systems. The discussion extends to emerging
LLM-based conversational enterprise and personal information management.

Criteria discusses the criteria to consider when instantiating an evaluation framework
for the conversational search scenario. Such criteria can be organized into a taxonomy
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according to who the subject of the evaluation is. The first layer of this taxonomy divides
the criteria into system- and user-centric criteria. The former concerns the system and
can be assessed in isolation in a purely offline setting. The role of the human, in this case,
is to provide labels. The latter regards user experience and the consequences associated
with the usage of the system. These top-level criteria are then further specialized along
several dimensions.

Methodology organizes evaluation methodologies—both quantitative and qualitative—
along two dimensions: (1) according to the focus of a study (a standard dimension in
IR), ranging from system-focused methodologies like offline simulations to user-focused
methodologies like qualitative interviews; and (2) according to the employed time model
(a dimension from system behavior theory that is especially suitable for CONIAC studies),
ranging from stationary methodologies like single-interaction experiments to methodologies
like longitudinal user studies that allow for continuous measurements of, for example,
satisfaction. Indeed, while evaluation criteria are defined as agnostic of time models,
for the actual evaluation one has to decide which time model to use, which limits the
available evaluation methodologies and affects the details of their implementation.
Measures presents the commonly used metrics for assessing system-centric hardware and
software criteria, and the measures for evaluating user-centric criteria (including users’
subjective reflection on their interactions, their perceptions, and behavioral metrics).
Depending on the goals and criteria a specific system aims to fulfill, one can adopt the
suitable evaluation methodology (see examples in Table 2) to assess the corresponding
metrics/measures.

When designing an evaluation, the first step is to identify the stakeholders and their goals
that need to be addressed. Based on the goals, the user tasks to be studied in the evaluation
have to be defined, and the user aspects need to be considered. The central elements of an
evaluation are the criteria to be focused on, which can be determined by the stakeholder goals.
The chosen criteria restrict the range of possible evaluation methods (e.g. any user-centric
criterion requires the involvement of actual users in the evaluation procedure). Finally, an
appropriate measure has to be defined for any quantitative criterion.

Overall, the CONTAC world model and the CAFE framework propose a series of “high
risk, high gain” research topics that promise to deliver a major paradigm shift in the field of
conversational agents. By embracing a new vision for conversational information access and
targeting a technological breakthrough, these initiatives aim to transform how academia and
industry invent, design, and develop such systems.

24352
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1 Introduction

Every day, individuals interact with a wide variety of agents: web search engines to find
information, recommender systems to identify content or products to purchase, or chatbots for
customer service inquiries. Given their prevalence, let us focus on conversational agents, those
that mimic human conversation using either text or spoken language, and more particularly
on those enabling information access. While the literature in this area is rich [134], the
evaluation of these systems is still limited to simplistic approaches that mostly ignore the
conversational nature of the human-system interaction. In this manifesto, we specially focus
on information access systems [106, 127] which allow us to seek, access, and use relevant
information.

The very idea of some conversational interaction with information access systems traces
back several decades. For example, Codd [29] early imagined conversations as a key way to
allow casual users to interact with databases in a natural way, avoiding the complexity of a
formal query language. Conversations figured out by Codd were very close to the idea of
conversation we are still talking about nowadays, e.g., Codd [29, p. 182]:

USER: Give me a list of the part numbers, quantities,
and suppliers of Houston parts

SYSTEM: You are requesting (among other thing) a listing of
quantities of parts. Do you want:
1. quantities on hand
2. quantities on order
3. quantities shipped?

USER: I want quantities on order

SYSTEM: Fine! Now, with regard to "Houston parts" do you mean:
1. parts supplied by Houston supplier
2. parts supplied to Houston projects
3. parts associated with Houston in some other way?

USER: I mean item 2

The above conversation reveals the assumption of querying a relational database and the
need to specify which relations/tables to query, possibly joining them, and which attributes
within those relations/tables.

Recent years have witnessed a spurring of research on conversational agents, in multiple
intersecting domains, such as Artificial Intelligence (AI) [46], Information Seeking (IS) [134],
Information Retrieval (IR) [7, 67, 69], Recommender Systems (RS) [61], Natural Language
Processing (NLP) [80, 98], and even more with the rise of Large Language Models (LLMs)
and Retrieval-Augmented Generation (RAG) [5].

A natural question arises after so many years of research by multiple disciplines: “Isn’t
this a solved problem?”.

In order to answer this question, in Fig. 1, we present an example of how we imagine
future conversations between humans and agents, inspired by Di Noia et al. [38]. We choose
product search, a well-explored domain where it should be easier to answer “yes, it is a solved
problem!” Differently from the early conversation imagined by Codd [29] and confined to the
realm of relational databases, in our case, the conversation naturally spans different types
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@® Recommendation

O | would like to buy a new swimming suit]
2 [

Great! Do you prefer elastane o

or polyester? 'm'

O | don't really know. What are the
£ \advantages of each material?

Search and
Generate

Elastane has excellent UV- 'm
protective quality but it is
not very breathable.

Although Polyester is not as
elastic as elastane, swimwear
made of it is highly durable.

Personalized
Recommendation

Based on your previous -
purchases, you might prefer lml
something more durable: why

not going for polyester?

O [You are right! Which do you think are ] Clarification

(O \better, briefs or shorts?

What do you mean by briefs? [}

Personalized

O Sorry, I'm not a native speaker, | meant
Recommendation

£ \speedo

Looking at your preferences, 'm
you might like shorts more.
Here few examples

O Thank you! | like this one
.a

Figure 1 An example of a possible conversation in the product search domain.

of systems and methodologies—e.g., IR systems and RSs—even if some commonalities are
there, such as the system asking for clarifications when needed.

In the example, the user wants to buy a new swimsuit, but he is initially unsure or unaware
of his exact requirements for this swimsuit. To support his decision-making process, the user
initiates a dialog with the system: “I would like to buy a new swimming suit.” The system
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understands that the user’s information need is best served by a RS component. Therefore,
it responds with an attribute-related question: “Great! Do you prefer elastane or
polyester?” Since the user does not know the pros and cons of the two materials, he asks
for an explanation of the system: “I don’t really know. What are the advantages of each
material?” Initially, the system relies on a combination of IR and generation, e.g., a RAG
component, to answer the user information need; afterward, it relies on a personalized RS
to suggest going for polyester, since this material best matches with the user preference
for more durable items. The user appreciates the suggestion and goes on asking “Which
do you think are better, briefs or shorts?” Since the system does not correctly understand
the term “briefs”, it relies on a clarification component to ask for an explanation, “What do
you mean by briefs?” Once the user clarifies that he actually means “speedo”, the system
relies on a personalized RS component to suggest some possible shorts—a type of swimsuit
that better fits with the user preferences and profile—and, finally, the user picks one of them,
ending the conversation. Fig. 1 also shows that, while we typically think of conversations
made up just of textual utterances, we should generally consider multimodal and multimedia
conversations, where more complex phenomena may happen as, e.g., interruptions in case of
a spoken interaction; in this simple example, this fact is represented by images of swimsuits
in some utterances.

To assess the extent to which this hypothetical conversation can be already served by
current technology, we carried out a toy (and qualitative) experiment and ran this simplistic
conversation, i.e., the sequence of utterances issued by the user of Fig. 1, using both GPT-31,
shown in Fig. 2, and GPT-4 via Microsoft Co-pilot?, shown in Fig. 3. The experiment was
run in mid-October 2024 and, obviously, has several limitations, among which is the fact
that GPT-3 and GPT-4 neither are backed by a RS nor do these have a specific user profile
that can be used for personalization. Nevertheless, the type of answers returned gives an
impression of how much of the problem is solved.

The example conversation with GPT-3 in Fig. 2 highlights some limitations. First, the
generated answers tend to be quite lengthy, more than what a user might expect, and they are
perhaps schematic, tending to rely a lot on item lists; on the positive side, utterances typically
include a final recap. Obviously, GPT-3 cannot follow up the comparison among different
materials with a personalized recommendation. GPT-3 does not perceive any ambiguity
between briefs and speedos, while native speakers might do, and the clarification by the
user produces a slightly more adapted response. On the positive side, GPT-3 maintains the
context between the two utterances and continues to compare shorts and speedos. On
the negative side, we can observe as in all the responses, the dimensions of comparisons are
somewhat inconsistent since, for example, when it comes to materials they consist of entirely
different facets or when comparing briefs vs. shorts and then speedos vs. shorts some
explanations move from one category to another, e.g., freedom of movement is under mobility
for briefs and under fit for speedos. Again, GPT-3 cannot complete the interaction with a
personalized recommendation as in the case of Fig. 1.

The example conversation with GPT-4 in Fig. 3 highlights some limitations. On the
positive side, GPT-4 strives to provide references to support its answers. On the negative
side, the answer to the first utterance is very much focused on just recommending shops
or brands rather than exploring the actual information need of the user. Moreover, the
answer itself is a bit mixed and not fully homogeneous because some of the suggestions

! https://chatgpt.com/
2 nttps://copilot.cloud.microsoft/

24352


https://chatgpt.com/
https://copilot.cloud.microsoft/

8 24352—Conversational Agents: A Framework for Evaluation (CAFE)

1 would like to buy a new swimming suit

That's great! What kind of swimming suit are you looking for? There are many options depending

on your preferences, such as:

Style: One-piece, bikini, tankini, high-waisted, etc.
Purpose: Casual swimming, athletic training, or beach lounging

Fabric: Some offer UV protection, while others are designed for durability in chlorinated
water.

Fit: Do you have a preference for more coverage or a certain cut (high-leg, low-back, etc.)?

Let me know what you're looking for, and | can help you narrow down the choices!

You are right! Which do you think are better, briefs or shorts?

d for swimwear largely depends on your comfort, style

preference, and intended use. Here's a comparison to help you decide:

Briefs

« Fit: Tighter, i 9

Mobility: Offers maximum freedom of movement, especially for your legs. This makes them
popular in competitive swimming or serious training.

. ics: The snug fit and less drag in the water, improving
speed.

Comfort: Ideal for those who prefer a lightweight feel and don't want extra fabric while
swimming.

Tan Lines: Smaller coverage means fewer tan lines, which may appeal to some.

« Style: More revealing, offering a sleek, athletic look.

Best For: Competitive swimmers, frequent pool users, or those who prioritize speed and
freedom of movement.

Shorts (Swim Trunks)

= Fit: More relaxed than briefs, providing moderate to full coverage down the thighs.

« Versatility: Can be worn not only for swimming but also for beach activities, volleyball, or
lounging.

Comfort: The looser fit can be more comfortable for all-day wear, especially outside the pool.

Style: Available in a wider range of styles, lengths, and designs (e.g., board shorts, classic
trunks), making them more versatile in terms of fashion.

Functionality: Some shorts have inner liners for added support, though they can be less.
form-fitting than briefs.

Drag: They create more drag in the water due to the extra fabric, which can slightly reduce
speed for competitive swimming.

Best For: Casual swimmers, beachgoers, or those looking for a more versatile swimwear
option that can be worn beyond the pool.

Quick Summary:

« Briefs: Better for competitive swimming, speed, and athleticism; more revealing and minimal.

« Shorts: Great for casual wear, more versatile, and stylish; provide more coverage but can
create drag in the water.

Do you prefer a more functional, competitive option or something that gives you a bit more
coverage and versatility?

Figure 2 An example of conversation of Fig. 1

1 don't really know. What are the advantages of each material?

Different ffer unique your Here's a breakdown

of common swimsuit fabrics and their advantages:

1. Nylon/Polyamide
« Advantages:
« Lightweight & Quick-drying: Dries quickly, making it ideal for swimwear.
« Comfortable Stretch: Nylon is stretchy, providing a comfortable fit that moves with your
body.
« Smooth Feel: It's soft and smooth against the skin.
« Cons:

« Tends tolose its shape or fade over time with prolonged exposure to chiorine and
sunlight.

v
2. Polyester What fabric lasts longest?  Best for beachwear?
s ot vt
6. Cotton Blends
« Advantages:
. feel soft

« Stylish: Often used in fashion swimwear, though not ideal for performance.

« Cons:
. longer to dry, making it wet and less ideal for
‘swimming,
Summary:
. i 3 ‘comfort and style.

« For frequent pool use, polyester or PBT is ideal due to its chiorine resistance and durability.
« For water sports or cold water, consider neoprene.

. , look for

Do any of these stand out to you?

Sorry, I'm not a native speaker, | meant speedo

No worries! When you say *speedo,” you're likely referring to the classic brief-style swimwear
made popular by the Speedo brand. These are tight-fitting and minimalistic in design, often used
by competitive swimmers. So now that we're talking specifically about speedo-style briefs versus
swim shorts, here's the comparison again but with the right context!

Speedo (Brief-Style Swimwear)
« Fit: Snug, tight it around the waist and hips with minimal fabric, offering freedom of

movement for the legs.

« Hydrodynamics: Less drag in the water compared to swim shorts, making them ideal for
‘competitive swimming or faster lap times.

+ Comfort: Lightweight and dries quickly; ideal for pool use or serious swimming where you
want to feel unrestricted.

« Style: Reveals more of the body, which can be great if you're confident in that style or prefer
something sleek.

= Mobility: Allows maximum mobility, especially for your thighs and hips, making it popular for
athletes and competitive swimmers.

« Tan Lines: Minimal coverage means fewer tan lines, if that's something you care about.
« Best For: Athletes, compe! i , or itize speed and
the water.
Swim Shorts (Swim Trunks)

« Fit: Looser fit with more coverage, typically extending to the mid-thigh or knee.

« Versatility: More versatile for beach use, casual swimming, or outdoor activities. They can be
‘worn for activities other than swimming.

« Comfort: The looser it can feel more comfortable for all-day wear, especially when you're
outside of the water.

« Style: Generally seen as more modest, covering more of the thighs and often featuring a
drawstring for adjustment. Comes in a variety of styles and designs.

« Drag: The extra fabric creates more drag in the water, so they aren't as efficient for
‘compeitive swimming or fast laps.

« Functionality: Good for activities like beach sports, lounging, or general water play.

« Best For: Casual swimmers, those who want more coverage, or anyone who's looking for

versatility in their swimwear.

Which to Choose?

* Speedo: If you're swimming for performance, training, or you prefer the sleek, minimal style.

« Swim Shorts: If you want more coverage, comfort outside of swimming, or a more versatile
option for beach or casual use.

It really comes down to your preference for style and how you plan to use the swimwear! Which
style sounds more like what you're after?

using GPT-3.
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2 You

I would fike to buy a new swimming suit

T Copilot
Great! There are plenty of options available oniine. Here are a few places where you can find a varity of swimsuits:

1. Nordstrom: They have a wide range of new arivals, inciuding bikinis, one-pieces, and cover-ups &
2. StyleCaster: Tis stelists some of the best places to buy swimsuits onlne, caterng to ifferen budgets >
| don't realy know: What ae the advantages of sach material?
3. DICK'S Sporting Goods: They offer a variety of swimsuits from top brands like Calia, Roxy, and Nike ¢
Do you have a specific style or brand in mind?
0 Copitot

Ghoosing material durabilty, and performance. Here are some common materials used in

Leammore 1 W nordstrom.com | 2 B nordstrom.com || 3 = stylecastercom || 4 I dickssportinggoods.com | [ dickssportinggoods.com

swimsuits and their advantages:

]
'NORDSTROM = - Up— fl 1. Polysster:
s ! = Durablty:Highyresistant t chicrine and UV ays, makingt ong-asting
These Ar the Only Sites You Should Be Buying Swimsuits |
o 1 = Golotastness: Retans ol welleven afer muile uses ?
{ © Less Stretchy: materials, par
!
2. Nylon
i o uiok-Drying: Dres fater than many cthe matarise ¥
)  Stretohy ¢ butcan
d 3. Spandex (Lycra/Elastane)

its original length,

o Comfort: Ensures a snug yet comfortable ft allowing forfreedom of moverent

4. Neoprene:

* Insulation: pir  making it

2 You

> Durability: Resistant to water and molsture, ensuring longevity =
You areright! Which do you think are better,brefs o shorts?

sothe best your speciic needs Doyou activties o

contions in mind for your new swimsuit?

O copilot Loammare 1 knowingt

Botn
help you decide:

Briefs (Speedos)

+ Fit: Tight and body-hugging, providing miimal coverage !

- Mobily: xcolent for swimming 3 tey fe lss cragin e watr
- : \

+ Comort: Gan be very comfortabie if you prefer a snug fit

Shorts (Swim Trunks)
+ Fit: Looser and more reaxed, offring more coverage *

« Versatitty: Greatfor both swimming and casual beachwear *
2 You

Sorry,I'm not a native speaker, | meant spesdo

planning to do a ot of 0 orifs ifyou're looking

O Copilot
D0 you have a preference for a speciflc acthty or style?
No probler at all When you mentioned *brisfs,” you were actually referring to Speedos. Here's a quick recap of their advantages:
Speedos (Briefs)
+ Fit: Tight and body-hugging. providing minimal coverage.

+ Mobility: Excellent for swimming as they offer less drag in the water.

especially
+ Comfort: Gan be very comfortable f you prefer a snug fit

and those who prefer a streamiined look.

Do options?

Figure 3 An example of conversation of Fig. 1 using GPT-4 via Microsoft Copilot.

point to e-commerce websites (e.g., Nordstrom) while others are fashion blog posts (e.g.,
StyleCaster); this somewhat recalls the issue mentioned above for GPT-3 about the dimensions
of comparison being inconsistent. When it comes to comparing alternatives, the answers are
much more compact and to the point than in the case of GPT-3, still suffering, however, from
inconsistent dimensions across different materials. As with GPT-3, GPT-4 is not capable n
of following up the explanation of materials with a personalized recommendation. When it
comes to the comparison between briefs/speedos vs. shorts, GPT-4 explicitly considers
them as synonyms, while a native speaker might not do so. If we force GPT-4 to answer just
about speedos, on the positive side, the answer remains fully consistent with what replied
in the case of briefs/speedos but, on the negative side, context is completely lost, and no
comparison to shorts is made anymore. Also, GPT-4 does not complete the interaction
with a personalized recommendation.

If we compare the interaction style of GPT-3 with that of GPT-4, apart from observing
the more succinct answers in the latter case, we can also see that GPT-4 is very much focused
on somehow narrowing down the scope of the conversation because the initial attempt is to
immediately propose products, rather than exploring the actual needs of the stakeholder and
asking for clarifications.

Overall, while the LLMs and chatbots of today are advanced systems, already performing
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well, they are currently insufficient to fully embody the vision (outlined above) of conver-
sational interaction with information access systems, even in a well-studied and relatively
confined domain such as product search and recommendation.

It is not hard to imagine more complex information access challenges, such as finding
an object described by both structured data and free text elements. We could imagine
someone asking a system to find a walk to do one evening. The system could consider walks
within the user’s driving, cycling, or public transport range and reply with suggestions of
different levels of difficulty, length, and ascent. The searcher could then ask the system to
find a subset of walks where reviews have described sunset vistas. Here, the system might
draw such information from multiple reviews. The system could also incorporate elements
of recommendation by looking at the searcher’s walk history and employing some form of
collaborative filtering to identify the ideal evening walk further.

The ideal system is likely to be even more complex. When one uses a traditional web
search engine like Google, the system is actually a constellation of search services, each with
its own searching approach: web search retrieves authoritative content, news retrieves from
high-quality sources with a bias towards recency, image search will consider image quality
and size, etc. Upon receiving a query, the search engine chooses which blend of services will
best serve the query. A conversational information access system will likely need to provide
the same suite of information access services that one sees in traditional search, as well as a
way to identify which service best serves a particular conversation.

Therefore, we argue that we need to imagine a new generation of systems—we call them
CONversational Information ACcess (CONIAC) systems and introduce them in Section 2—
able to adopt a more holistic approach to conversational interaction. Above all, and this
is the primary focus of this report, we need to envision a new evaluation framework—we
call it Conversational Agents Framework for Evaluation (CAFE), we introduce it briefly
in Section 3, and then expand on its details in sections 4 to 9—capable of supporting and
driving the design and development of CONIAC systems.

Generative

2  CONversational Information ACcess (CONIAC)

Fig. 4 depicts the CONversational Information ACcess (CONIAC) World Model, where
we take a very broad view by considering any context and system that addresses a user’s
information need using language interactions. Indeed, given the wide range of domains
and tasks that can prompt conversational events—each with its inherent peculiarities—it is
impractical to exhaustively define every information discovery use case that might benefit
from conversational aspects. Therefore, in the rest of this section, we introduce a layered
abstraction—the CONIAC World Model—that allows us to represent the conversational
process targeting information access from various perspectives.

Our broad view encompasses aspects of conversational information access systems as
defined by Balog [11]:

[Wle use the term conversational information access (CIA) to define a subset of
conversational Al systems that specifically aim at a task-oriented sequence of exchanges
to support multiple user goals, including search, recommendation, and exploratory
information gathering; that require multi-step interactions over possibly multiple
modalities. Further, these systems are expected to learn user preferences, personalize
responses accordingly, and be capable of taking initiative.
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Figure 4 The CONIAC World Model.

and conversational information seeking as defined by Zamani et al. [134]:

Conversational Information Seeking (CIS) is concerned with a sequence of interactions
between one or more users and an information system. Interactions in CIS are
primarily based on natural language dialogue, while they may include other types of
interactions, such as click, touch, and body gestures.

While we take a broad view of CONIAC systems, one that encompasses both traditional
conversational IR and RS, we envision that CONIAC will be most useful in interactive
scenarios when users have complex or poorly understood information needs.

The CONIAC World Model consists of two layers: the CONIAC Process Layer (Sec-
tion 2.1), where the actual conversation happens, and the CONIAC System Layer (Section 2.2),
which is what we aim to design and develop.

2.1 The CONIAC Process Layer

We use the term CONIAC Process Layer, or conversational process for short, to refer to
the overall conversation flow, i.e. any interaction between a CONIAC agent (the System
Flow) and a human (the User Flow), via the interface of the system in a multimedia and
multimodal way, in the most general setting. Some examples of conversational processes
and mechanisms that influence the actual moves, utterances, or turns being generated are
those that establish and maintain interpersonal rapport; those that organize the interaction
channel through turn-taking cues, meta-communicative turns and even non-verbal actions
such as gestures, facial expressions, and laughter; those that structure the informational
flow of the conversation and narration as it proceeds, manage continuity and coherence,
and negotiate topical shifts or switches when necessary; and those that define, modify,
and address discourse referents and their properties. These include turns such as plain
utterances, clarification questions, greetings, repairs, and verifications [49, 53, 54, 121]. Many
conversational mechanisms are intuitively acquired by humans without instruction, though
some are more explicitly trained in education or professional contexts.

11
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More specifically, and more related to information access, conversational processes of
interest include system and user collaborating in the expression of an information need,
revealing the system’s capabilities and collection qualities, clarification questions using mixed
initiative, and persistence of discourse referents, allowing both parties to refer back to recently
mentioned items or sets; and the ability to reason about the qualities and utility of a set and
to further refine it for the purpose at hand [97].

An important assumption we make is that every conversational process addresses a single
information need and thus has a single objective. This is a necessary assumption for our
framework as, later on, this objective informs the selection of aspects to be evaluated, e.g.,
which criteria or measurements to use.

Specifically, a conversational process comprises different conversational events that
occur over continuous time. We mean event in the most abstract sense, ranging from
simple and atomic textual utterances to complex and compound multimedia and multimodal
interactions, where phenomena such as interruptions, which for instance is central to spoken
interaction, may happen. We distinguish four main conversational events—start, end, user,
and system events—, that will be described in greater detail in the following paragraphs.

We further assume that an arbitrary amount of time may pass between two conversational
events. Importantly, this includes possible interruptions, breaks, or pauses, after which the
user or system decides to resume the conversation. This requires that the “state” of the
conversation is maintained for arbitrary lengths of time. While concrete implementations may
differ concerning the duration for which the state of the conversational process is preserved,
we assume here that users may abandon and return to a session at any time without loss of
generality.

Firstly, we make explicit that every conversational process starts with a start event and
ends with a end event. Between this start and end event, the conversational process is
comprised of “system” and “user” events, both of which correspond to language (or more
general) interactions, either issued by the system (system events) or the user (user events).
Importantly, we do not require that conversational processes alternate between user and
system events. Users may issue several “user events” in a row, and so may the system. This
is exemplified, for instance, in Fig. 1 where in response to the user event, “I don’t really know.
What are the advantages of each material?”, the system issues two events, one explaining
the advantages of each material and the other to perform a personalized recommendation.

Importantly, we distinguish start and end events from other types of conversational events.
This is because the start of the conversational process can be a user event—e.g., “I need to
learn about Hillary Clinton’s career as a Secretary of State for a test. What do I need to
know?”’—or a system event—“Hello, my name is Sven. I am here to help you. What would
you like me to help you with?”—, but also other types of non-language interactions between
the user and the system, e.g., the user opening the chat window. The same is true of the end
event.

Despite its apparent simplicity, this abstract and event-based view of the conversational
process is flexible and powerful enough to be an instantiated model and represents all the
conversational mechanisms and information discovery use cases briefly exemplified above.

2.2 The CONIAC System Layer

Unlike general interactive information systems, a CONIAC system must deal with the
conversational dynamics described above, in particular by taking or relinquishing the initiative
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when necessary to keep the conversation flowing naturally [121]. In this regard, CONTAC
systems differ from many other systems because the latter often have one-shot interactions
or repeated interactions that can be viewed in isolation. An example of the latter could be
repeated query reformulation when using a search engine, e.g., “Hillary Clinton”, followed
by “Hillary Clinton state secretary”, where each time the IR system responds with a list of
documents relevant to the current query and there is no notion of “state” from one query to
the next. In contrast, in our process-oriented view of CONIAC systems, this notion of state
is essential, as it allows the system to use knowledge of past interactions to refine current
and future interactions.

The bottom part of Fig. 4 depicts the CONIAC System Layer. We make abstraction
of real-world CONTAC systems and only assume that the system will emit events that are
generated by one or more components of the system, e.g., IR or RS components, essentially
blurring the boundaries among components. These events can be, for example, responses to

information needs, suggested items, explanations, or requests for clarification from the user.
Note that by CONIAC system, we refer to both the underlying application and its interface.

As mentioned previously, another important assumption we make as a result of our view
of a conversation as a process requires that there is some shared state across interactions
between the user and the system, but also between different components—IR, RS, Question
Answering (QA)—that together make up a CONIAC system. A state may even be recorded
across different sessions—conversational processes—with the system, resulting in personalized
interactions tailored to the user’s (interaction) preferences.

The system layer is critical for managing and guiding interactions in the conversation
process layer. We envision the system layer as implementing a stateful machine capable
of flexible/expressive conversation flow tracking, personalization, and information access
functionalities. The following functionalities are, in our view, essential for handling complex
tasks involving information access:

World knowledge. Reflects the external environment or domain-specific knowledge the
system operates within, enabling it to provide contextually appropriate responses.
User information. Incorporates user preferences or utilities, goals, and potentially
private user-specific information, facilitating personalized interactions.

State tracking. This state tracking involves the context that tracks the flow (both user
and system events defined in Section 2.1) and the context of the conversation, including
dynamically updated beliefs in the user information state revealed by user events.

State tracking in this scenario ensures that the CONTAC system can proactively generate
system events—such as recommendations, clarification questions, or acknowledgments—in a
manner that is informed by both the ongoing conversation and the user’s inferred goals and
preferences. Such system events should be generated in light of a range of objectives—e.g.,
coherence and relevance throughout the conversation, task completion, and efficiency—as
specified by the system designer.

As an example of a possible concrete instantiation of a CONIAC system, Boutilier
[18] defines a preference elicitation recommendation conversation as a Partially Observable
Markov Decision Process (POMDP) model, which additionally requires a reward model to
encapsulate the agent’s interaction objectives. One advantage of such a decision-theoretic
system model (which may be optimized through reinforcement learning methods when exact
model details are unknown) is that it provides algorithmic and learning methodologies for
optimizing system actions concerning the system design. This stands in contrast to many
existing conversational dialog systems leveraging rule-based decision-making that may not
optimize an explicitly defined system objective.
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2.3 Limitations of Current Systems
Limitations of Information Retrieval Systems.

Traditional IR systems are particularly limited in their capacity to handle these scenarios
because although the queries are ambiguous, the assumption in most cases is that users’
information needs are relatively well-defined from the outset. These systems are primarily
designed to interpret and respond to explicit queries, focusing on accurately understanding
and estimating a pre-existing, well-formed information need [8, 23, 26]. Consequently, they
are less effective in situations when a user’s needs are still evolving or are only partially
articulated, which is common in many conversational contexts [68]. In such scenarios, the
rigid query-response paradigm of conventional IR systems falls short, as it does not adequately
support the dynamic, iterative process of refining and clarifying user intent that is essential
for effective conversational information access.

Interactive Information Retrieval (IIR) systems are designed to support and even en-
courage user exploration within the information-seeking process, yet they are fundamentally
limited by the fact that interaction is always initiated by the user. In these systems, the
system consistently assumes the role of a passive responder, reacting to user queries rather
than actively contributing to the dialogue. While such systems can effectively address
well-defined user intents, they often fall short in scenarios where the user may have a clear
goal but lacks awareness of all relevant aspects, possibilities, and available design or choice
options [85, 129].

This limitation means that users might not fully explore the breadth of information
or decision-making options available to them, as the system does not proactively guide
them toward uncovering unknown preferences or considerations. As a result, the interaction
remains user-driven, potentially leading to missed opportunities for discovery and a less
comprehensive understanding of the subject matter. To overcome these challenges, more
advanced systems that can take on a more active role in the interaction, such as by prompting
users with relevant questions, suggesting alternative pathways, or highlighting overlooked
options, are needed. These systems would better support users in navigating complex
information landscapes and making more informed decisions [15, 66, 85, 129].

Limitations of Recommender Systems.

Recommender Systems (RS), while highly effective in providing personalized content and
suggestions based on user preferences, are also limited when applied to conversational
scenarios. RS are inherently push-based systems, where suggestions are proactively presented
to the user based on a pre-existing model of user behavior, preferences, and past interactions.
Although they are beneficial in providing insights about choices, aspects, and actions that
are absent in IR systems, recommender systems often lack query understanding capabilities.
They do not interactively interpret or refine user intent based on evolving dialogue. Finally,
both the IR and the RS approaches are mostly one-shot in the sense that they are optimized
for single interaction settings. Even in session-based search [34] reformulations to an initial
query result to a one-shot retrieval at the end of a session, and do not allow for intent
modification or asynchronous change in intent.
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3  Conversational Agents Framework for Evaluation (CAFE)

In the world model depicted in Fig. 4, we outline a generic representation of the conversational
scenario. To evaluate in this context, we need to understand how and when measurements
are made to validate the goodness of the system that guides information discovery. Goodness
can be a complex concept to capture in a single measure for evaluation, as many facets can
directly influence it. Consequently, we argue that depending on the use cases, CONIAC
systems are expected to encompass a wide range of different objectives and criteria for various
stakeholders.

Therefore, in order to explain the overall Conversational Agents Framework for Evaluation,
we first introduce the notion of an Evaluation Layer (Section 3.1) in the CONIAC world
model and, then, we explain of CAFE (Section 3.2) allows for a concrete instantiation of
such layer for actual evaluation purposes.

3.1 The Evaluation Layer

The vision of the CONTAC World Model depicted in the previous section calls for a paradigm
shift in evaluation. As shown in Fig. 5, we can imagine that the CONIAC Evaluation Layer
sits on top of the CONIAC process and system layers, to allow for their assessment, where
the CONIAC system is the construct under evaluation.

The literature is rich with examples of how to approach the evaluation problem from
multiple perspectives [59, 77, 82, 83, 94]. However, in general, these assessment strategies
focus on a more static approach, focused mostly on overall performance with the conversational
system or user satisfaction with (their interactions with) said system.

We argue that when it comes to CONIAC, evaluation should be inherently dynamic
and multi-faceted. Indeed, we are aware that there is no optimal set of measurements
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and measures that can, for every CONIAC use case, comprehensively monitor the system
(Section 2.2), the users (Section 2.1), and the constantly evolving exchanges that take place.
Consider an example of a direct answer to an unambiguous question ‘what is the weather
like’. This direct answer might be assessed in terms of fast-time response and correctness
(e.g., the system can provide the right information for the right location). In contrast, for
a more complex inquiry (e.g., a child explores to understand better a new concept (‘Can
animals sleep upside down’), assessment should be more focused not just on the ability of
the system to understand the information needed and provide a relevant response, but also
on other perspectives inherent to this particular user. In this example, perspectives could
include the ability of the system to provide suitable information and to respond in a manner
that a child can comprehend [6, 77]. However, a clear pattern emerges: regardless of ‘what’
(i.e., criteria) is assessed or ‘how’ (i.e., measures), assessment of CONIAC systems cannot be
done in a summative manner, based on a single measurement.

With that in mind, we envision an evaluation layer that allows simultaneous and con-
tinuous probing of users, systems, and their interactions from multiple perspectives.
Note that probes can happen synchronously with or asynchronously from the events in the
conversational process, allowing for a wide range of evaluation styles.

In this layer, we define probes that act as sensors that constantly capture snapshots
of the actions and reactions inherent to the conversational process from the start of the
conversation all the way to the end (regardless of the resolution). Probes can be as simple as
a single-valued measurement or complex multimedia objects, e.g., multi-valued measurements
together with log records and video recordings of the user interaction. The idea is not to
rely on a single probe, but instead—depending upon the use case—use a variety of probes
that capture the different facets of the conversational process to assess.

The continuous probing is what then makes it possible not only to yield an overall
measurement for the system—it can be some form of aggregation of the collected probes or
an independent probe on its own—but also to gauge the correctness (or lack thereof) of the
system events, along with user events. The measurements captured by these probes can also
yield cumulative measurements, in addition to providing snapshots of the behavior of the
different components of the system (and users’ reactions to those).

Given that the probes can encode a rich and diverse set of measurements, it is possible
to simultaneously capture measurements related to effectiveness and user behavior (via, for
example, eye tracking), timeliness, and more.

Note that we focused our discussion on how evaluation happens as a form of external
assessment of the system. However, nothing prevents us from using the very same approaches
to prompt system adaptation and correct the system behavior as it runs.

In the end, this layer can be instantiated based on a wide range of criteria for assessment
for different CONTAC systems, enabling the discovery of information in varied contexts and
tasks. This is precisely the purpose of CAFE, introduced in the next section.

3.2 Evaluation Framework

Fig. 6 illustrates our evaluation framework that accounts for the diverse sets of choices of
tasks, stakeholder goals, and criteria that need to be taken to evaluate CONIAC systems.
We believe that our evaluation framework can not only cover most of the commonly used
CONIAC evaluation schemes but can guide a system designer to develop novel evaluation
schemes based on both traditional and non-traditional measurements.



C. Bauer et al.

Explore
Discover
Take Decisions
Plan

Satisfaction
Utility
Relevance
Fun
User Trust
Conversation Quality

Energy Usage

User Characteristics
Cultural Differences
Mental Model of the System

Offline Evaluation
Online Evaluation

User Goals User Studies
Platform Goals Diary Studies
Society Goals Expert Evaluation

Simulation

LLM-based

Effectiveness Measures
Self-reported Satisfaction

Figure 6 Evaluation Framework.

The main components of our framework account for different user aspects, stakeholder
goals, tasks, criteria, evaluation methodologies, and measures. Following our evaluation
framework, a system designer interested in evaluating a CONIAC system should be able to
develop an evaluation scheme that can be used as a continuous or multiple-shot experimen-
tal/evaluation probe as discussed in Section 3.1.

Stakeholder goals. Stakeholders of a CONIAC system may have diverse goals that
might or might not be directly accessible to system designers or evaluators and must
often be implicitly inferred in evaluation. CONIAC systems might also have multiple
goals ranging from end users having (in-)direct information needs to platforms deploying
CONTAC systems interested in content usage, user engagement, impression generation,
and user retention, to name a few.

User aspects. When developing an evaluation framework for CONTAC systems, it is
crucial to consider user-specific aspects, such as preferences, specialized needs, expertise
types, and background characteristics, which may make conversational systems more
beneficial than non-conversational alternatives.

Tasks. CONIAC involves tasks characterized by an information need, human involvement,
goal orientation, and mixed-initiative between the user and the system. While some tasks
benefit from the introduction of a conversationally competent system, others may not,
depending on the complexity of the task.

Criteria. The scope of evaluation can range from single-turn interactions to entire
conversations and long-term system usage, each requiring different criteria for assessment.
Additionally, the temporal dimension, which examines how the system’s performance
changes over time, is a critical factor that intersects with both stationary and dynamic
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properties, making it essential for a comprehensive evaluation.

Methodology. In addition to the standard distinction of user-focused and system-
focused methodologies, our evaluation framework categorizes evaluation methodologies
also according to the employed time model—a dimension especially relevant for CONIAC.
This dimension ranges from stationary methodologies like single-interaction experiments
to methodologies like controlled lab studies that allow for continuous measurements, such
as physiological ones.

Measures. Finally, we allow for measures that typically focus on the system’s ability
to provide accurate, relevant, and timely information during interactions. Measures
include objective measures of effectiveness to subjective notions of user satisfaction
like self-reported satisfaction. By incorporating both objective effectiveness measures
and subjective self-reported satisfaction, evaluators can better understand the system’s
strengths and areas for improvement.

We offer details for each of the items above in Section 4 to Section 9.

We also take Fig. 6 as the workflow to be adopted to evaluate CONIAC systems. We
start from defining the “Stakeholders’ Goals” and progress clock-wise to “User Aspects”,
"Tasks’, "Criteria”, "Methodology”, and "Measures”. All together, ‘Stakeholders’ Goals”,
“User Aspects”, and "Tasks’ constitute the context in which the CONTAC system is evaluated,
whereas "Criteria”, "Methodology”, and "Measures” define how the actual evaluation is to
be carried out.

3.3 Limitations of Current Conversational Evaluation

The literature is rich in algorithms and strategies for handling multiple scenarios from
conversation information access. While most of them are inspired by conversational search
and conversational IR literature, we have seen an interest in conversational recommendations
over the last few years. Going through these works, a key commonality emerges: the lack of
consensus on evaluating a conversational system in a manner that gives a holistic view of
its performance and enables comparing and contrasting with other emerging technologies.
Indeed, TREC tracks like TREC CAsT [33-35, 90] and TREC iKAT [3, 4] offer uniformity
to comparisons for conversational search, but do so primarily with the relevance-driven focus
for evaluation. Datasets such as ReDial [79], ConveRSE [57], or LLM-REDIAL [81] enable
assessment of conversation for recommendations. However, as we previously stated (and
illustrated with the earlier example), we emphasize that CONIAC is a complex endeavor and
should be evaluated from multiple lenses [135].

4 Stakeholder Goals

Stakeholders have varying goals, which are not generally accessible to system designers or
evaluators and are not always explicitly formulated even for the stakeholder. They can
often be inferred from the actions and the background information the system has available.
Stakeholder goals are not always aligned: a system may benefit some stakeholders more
than others [40, 116]. In general, stakeholders may have several simultaneous, interacting,
and only partially overlapping goals [12, 39]. A conversational approach can further many
stakeholder goals.
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Users have goals they wish to see a system help them achieve. A user may be solving an
immediate problem or a long-term issue; wish to retrieve something they already know
about (i.e., known item search); seek to learn or investigate a topical or thematic area
[86]; they may be looking for diversion or entertainment or delight. Users may be focused
on a goal, or the goal may be in the background for some other activity, and the goal
may be of varying importance and centrality to the user throughout the task they are
pursuing. Users may approach information access systems to find immediate factual
responses, seek support for an argument, or plan a later investigation into an area. They
may be seeking documents or collections of documents, they may be looking for some
factual content they know or believe to be found in a document, or they may be looking
to enjoy reading, viewing, or listening to some content that may be found in an item in a
collection or across several items. To achieve these goals, users will generally want to
expend little effort, enjoy interacting with the system, trust the correctness of the result,
and feel confident that they have exhausted the usefulness of the system they are working
with for the purposes they have engaged with it.

Indirect users are affected by the decisions and actions of the (primary) users based on
the information they gained from the system. Examples are a doctor’s patients consulting
medical information systems or clients of lawyers who use their legal information systems.
While the primary users may experience only gradual changes in the quality of their work
due to the strengths and weaknesses of the information system, their individual decisions
may have serious consequences for their clients.

System designers and App designers wish to verify that their design is appealing, appro-
priate, effective, efficient, and catchy.

Distribution platforms wish to retain the interest and appreciation of users, creators, and
advertisers.

Creators provide materials they would like to see being used and enjoyed, and in many
cases, they wish to receive remuneration for that usage.

Publishers, aligned with creators, wish to see their catalog prominently featured among
the offerings to the users.

Advertisers wish to receive many impressions for their messaging and to see those
impressions convert to business opportunities.

Editors and aggregators wish to guide a user to further material.

Other stakeholders can be added here: surrounding agents such as colleagues, friends,
family, or teachers.

In the following, we mainly focused on describing user goals, not on the other stakeholders’
ones. However, it should be noted here that the functions of a system must satisfy, or at a
minimum address, the goals of all stakeholders to be successful.

Top-level goals

As deeply discussed in many venues [2], relevance, truthfulness, and trustworthiness® are

primary and very common top-level goals. These top-level goals are typically well-represented
and adequately considered in many evaluation activities in the field. If you look at the tasks
offered by initiatives such as Text REtrieval Conference (TREC) [51], Conference and Labs
of the Evaluation Forum (CLEF) [42, 43], NII Testbeds and Community for Information

3 https://digital-strategy.ec.europa.eu/en/library /ethics-guidelines-trustworthy-ai
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access Research (NTCIR) [101], or Forum for Information Retrieval Evaluation (FIRE), you
will find many evaluation efforts revolving around these top-level goals.

Minimizing effort

Users wish to minimize the effort they expend on using a system. This means the interaction
must have low friction and a low threshold. A conversational system will allow users to
approach the system with little preparation and low cognitive load: they do not need to
formulate their needs, tasks, and goals in terms exactly acceptable to the system since this
can be negotiated during the session [121]. Conversely, using a conversational system may
incur overhead—instead of immediate access to a known item through a short command, a
user may need to engage in a more verbose interaction. A system needs to be convenient to
the frequent power user and forgiving to the novice and the occasional user. The latter has
more to gain from a conversational approach.

The need for conversational systems to cater to power users and novices implies that
evaluation metrics must consider varying user expertise and interaction styles, balancing
efficiency and user satisfaction. Evaluators should assess systems based on their ability
to minimize cognitive load and friction while providing flexible, adaptive interactions that
accommodate user needs and preferences.

Establishing, clarifying, and elaborating objectives

Conversational interaction allows the system and user to disambiguate ambiguous or polyse-
mous concepts as well as clarify and specify terminology jointly.

Conversational interaction allows systems and users to jointly explore and modify the
shared understanding of some topic or theme of interest. By iterating over formulations,
users can learn about the representation and terminology used in the system and of the
topical coverage of a collection or a system; systems can gain a better understanding of user
background and users’ previous understanding of the topic or theme at hand. The ability of
conversational systems to facilitate dynamic, interactive learning and exploration means that
evaluation metrics must go beyond static measures of accuracy or relevance, encompassing
the system’s adaptability and capacity to refine user understanding over time.

Evolution and specialization of objectives

Conversational interaction allows users to incrementally build on previous exchanges naturally
and intuitively. This approach facilitates the user’s exploration of a topic or theme and
enables the system to offer relevant suggestions and guide the user better.

This allows users to specialize their goals over the course of a conversation, starting with
a general exploration of a topical area or a theme and then progressively drilling down into
a more detailed or fine-grained view until some target of interest is found. Iterative and
interactive information retrieval provides a basis to understand some of the challenges, most
notably that of query reformulation, which, without the support of a system, has been known
to be a demanding task for users [14].

Alternatively, this allows users find and pursue a trajectory or a curriculum through a
collection to meet a less specific and possibly longer-term goal of learning or familiarizing
oneself with a topic. Achieving expertise in a topic does not only involve having access to
documents and materials but also acquiring skills that are imparted through conversation
and apprenticeship with an expert [30, 99].
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Enriching an interaction with secondary conversational goals

Among several conversational goals are those of establishing a relationship between counter-
parts. This is an incidental goal that in human-human interaction is addressed in parallel
with informational or narrational activities [25, 58], which has been studied in human-human
communication [130].

Conversational interaction allows users and systems to engage in meta-dialogue to make
goals, biases, and backgrounds explicit to themselves and their counterparts. Through
conversational interaction, users can assess the reliability and trustworthiness of a system
through conversational moves that may not be immediately goal-directed.

Conversational interaction may add to the appeal of conversation with a system by
allowing for ostensibly superficial chit-chat about the topic or theme at hand. This will allow
users to gain expertise not only about the topic but also how it can be acted upon.

5 User Aspects

In this context, we refer to “users” as human agents interested in using an information access
system with an information need. As we will discuss in Section 6, this need can be diverse,
from answering questions, attaining knowledge, planning a trip, or getting recommendations.
Users approach systems in the hope that the system will help them meet those needs; to this
end, systems offer the user informational, educational, and entertaining materials.

Some users have preferences, special needs, or other characteristics that will make a
conversational system more useful than a non-conversational one; for example, people with
visual impairments, senior citizens, children, or those seeking coaching. Following principles
of Universal Design [48, 89] or “Design for All”, many or even most such specific preferences
will lead to design solutions that improve interaction for every user in the general case.
Contextual requirements may benefit from a conversational approach: hands-free operation
of a system or situations where a user’s visual attention is otherwise occupied are examples
where a conversational system would well serve every user.

Individual differences

Users might differ in how much they would like to interact with a conversational system. For
example, those with strong domain expertise might have clearer mental models of the domain
and can explicate their needs efficiently. A conversational system may impose an annoying
or even prohibitive overhead in such cases; expert and experienced users may want to access
information through shortcuts—these can be made accessible through conversational systems.
Similarly, novices would especially benefit from a conversational interaction as it might help
them disambiguate their needs while learning more about the domain through the interaction,
with the system being able to ask clarifying questions. It is also important to note that the
same user may be a novice in one domain and an expert in another, necessitating a flexible
system that can adapt to different levels of expertise across different contexts.

Users also differ in their cognitive needs around information access, e.g., in their tendency
to seck information. For example, the health domain Pang et al. [91] categorizes information
seekers based on their level of reading engagement and research tactics: a knowledge digger
would be high on both, whereas a quick fact checker would be low on both. In decision-
making, a similar distinction is made between users who want to make the best, most
optimal decision possible (maximizers) versus those who just want a satisfactory outcome

21

24352



22

24352—Conversational Agents: A Framework for Evaluation (CAFE)

Table 1 A model of health information seekers, based on Pang et al. [91]

Reading Engagement
Low High
. Extensive | All-around Skimmer | Knowledge Digger
Research Tactics
Basic Quick Fact Seeker Focused Reader

(satisfiers) that satisfies most of their needs. Maximizers usually engage in extensive product
comparison and aspire to find the best possible option [28]. In earlier work on a critiquing
recommender system, Frederix [44] found that maximizers experienced more guidance from a
(conversational) critiquing system compared to a simple filtering tool, whereas novices did not.
Both these examples show that conversational systems might be used, experienced, and thus
evaluated quite differently depending on individual differences of the user. Using individual
difference measures (such as a maximization scale) allows one to distinguish between users
in the evaluation.

Cultural differences

Cultural differences in how a conversation proceeds, if not accommodated by a conversational
system, may annoy and disturb users [71]. For instance, users from cultures that value
directness and efficiency might prefer concise, straightforward interactions, whereas those
from cultures that emphasize politeness and formality might expect more elaborate and
courteous exchanges. This can influence how questions are asked, responses are given, and
even the pacing of the conversation. The notion of politeness in itself is a many-faceted
behavioral characteristic, and its various aspects are prioritized differently across cultures.

Moreover, cultural variations extend to preferences in communication styles, such as
indirect speech, and non-verbal cues, like pauses or gestures, which a conversational system
might need to interpret and adapt to. For example, in high-context cultures, much of the
communication relies on implicit understanding, and users might expect the system to read
between the lines rather than requiring explicit statements. Conversely, users from low-context
cultures might prioritize clarity and explicitness, expecting the system to provide detailed,
unambiguous responses. Language itself is also a significant cultural factor. Variations in
dialects, idioms, and slang can pose challenges for a conversational system, which must
recognize and appropriately respond to diverse linguistic expressions.

Failure to account for these cultural differences can lead to misunderstandings, frustration,
and a decreased sense of trust and satisfaction with the system. Therefore, it is crucial for
conversational systems to incorporate culturally adaptive mechanisms, such as language
localization, adjustable politeness levels, and the ability to recognize and respect cultural
norms and values. During the evaluation, it will also be important also to take such cultural
differences into account, as there might be complex interactions between cultural differences
and performance and user experience measures.

6 Task

This section explores the characteristics and tasks suitable for CONIAC systems, which
are defined by factors such as information need, human involvement, goal orientation, and
iterative interaction. In particular, CONIAC implies tasks that have certain characteristics,
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highlighted below

an information need and knowledge gap [36]
human-in-the-loop (i.e., involving a human user)
goal-oriented

iterative

interactive and mixed initiative [55]

task switching (multiple goals)

which we elaborate on in the following.

Traditional information retrieval and recommendation tasks share many of these charac-
teristics, particularly the notion of an information need and a user with a goal that relies
on that information. Some of these tasks are furthered by introducing a conversationally
competent system, while others may not be. For example, for a “factoid” query with a
specific and clear information need, it may not be beneficial for a user to use conversation to
satisfy that need. However, a conversational system should still be able to respond to such
queries.

In contrast, some tasks strongly benefit from the opportunities afforded by conversation,
including an iterative process and agents interacting via turn-taking. Particularly, complex
tasks [20, 22] that require clarification and refinement to support a user’s goal are well-served
by an interaction between the system and the user.

We propose a model for conceptualizing CONIAC tasks in Fig. 7.

High complexity

(complex)
V'S
Ite
"
o N
- L4
I defined Well defined
(vague) (clear)
%‘}6\6
é‘,,[e .
hip
hag ]
v

Low complexity
(simple)

Figure 7 The tasks that are ideally solved by CONIAC systems. The model proposes two core
dimensions of task complexity and task definiteness. (Iterative vs. exploratory search behavior
representation adapted from White and Roth [129])

In this model, complex tasks can vary in definiteness, with implications for the nature
of an interaction between a system and a user. A complex task that is more well-defined
requires primarily an iterative interaction process aimed at refining the expression of the
information need to be more focused or precise [14]. A more ill-defined information need
involves exploration, a process that involves learning and investigation, and examining a
broader range of information—often uncovering unanticipated information. This process
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typically involves refining the information need itself. Here, we draw on the notion of iterative
vs. exploratory search defined by White and Roth [129]. This model explicitly reflects the
interaction behaviors that are likely to be involved with these two types of search.

A user’s information journey in complex tasks is well-documented in the literature [76, 86],
highlighting how user states can evolve throughout the process. For instance, the Information
Search Process (ISP) model [76] demonstrates that a user’s initial perception of a task’s
complexity might start as simple but can quickly become more complex due to the broad
scope of relevant information. This suggests that CONIAC systems should be capable of
detecting and modeling these evolving user states, optimizing their functions and responses
accordingly to enhance the user experience.

Task switching is another common characteristic of human information-seeking behavior,
observed in both web search engines and conversational assistants [112, 123]. In complex
tasks, users often pursue multiple sub-goals, and the outcome of each sub-goal can influence
subsequent actions or significantly impact the final goal. Therefore, it is crucial for users to
track multiple tasks effectively. However, traditional information access systems typically
leave the burden of managing these tasks to the users.

One example of a complex but well-defined task is the task of buying a smartphone—
there are myriad options, with the information spread across many sources and a large and
ever-increasing number of variables to consider.

Conversation allows for both personalization and system-human negotiation to define the
information need. In short, rather than a one-shot interaction between a user and a system
going directly from an articulated information need to an “answer”, conversation allows for a
process to arrive at the satisfaction of the user’s information need.

In the following, we illustrate typical conversation information access tasks and how they
relate to dimensions of complexity and definiteness. We also illustrate how users might
dynamically traverse the space during the conversational interaction with the system [76, 118].

Hypothesis generation task

The generation of hypotheses is a key component of high-level critical thinking in contexts
including scientific discovery, problem-solving, and decision-making. Hypothesis generation
is a complex information access task. It involves exploring an information space to identify
connections between entities, variables, or events that can be tested. It is typically grounded
in existing associative or relational patterns. Therefore, it lends itself well to a conversational
process. Such an approach helps examine the information space for known connections and
then supports a user postulating, prioritizing, and interrogating new ones.

In the context of scientific discovery, hypothesis generation involves investigating scientific
literature. This often includes making connections between seemingly unrelated studies [117].
A classic example is the “ABC” literature-based discovery model introduced by Swanson [110],
in which implicit shared items (“B” items) are analyzed to form links between two entities
(“A”, “C”). Under this model, a user could be supported by a conversational system to move
logically between different parts of the information space.

Evaluation of a hypothesis generation task is challenging as there is no truly “correct”
answer that the user seeks. Notions of novelty, surprise, feasibility, promisingness, or
interestingness are relevant [109].
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Product search and recommendation task

Suppose a user with limited domain knowledge needs to replace an old washing machine:
“I need to replace my washing machine and I want one that serves our family of five and
is somewhat efficient”. We initially would classify this as a well-defined need of moderate
complexity. Current online tools (e-commerce shops) would allow you to search products
with some filtering and construct a set of alternatives, but it will be hard to understand the
domain: e.g., what is a sufficient capacity in kg? What amount of kWh makes it efficient?
Also, the number of features presented by the tool might bring the realization that there are
other important things to consider (rinsing quality, time per cycle) and might overwhelm
the user with the number of tradeoffs to make. Hence, a simple search might make the
user aware that the need is not as well-defined and the task perhaps more complex than
envisioned. However, a regular online shop will not provide the tools to help users understand
the domain better. A conversational system, using techniques from critiquing recommenders
[44] would help the user to understand the domain and tradeoffs better: “based on your
query, we have several efficient washing machines that have 8kg capacity or more that suit
your family needs. Would you rather like a washing machine that rinses the clothes better
and but will be less silent”. Based on this response, the user discovers some other (latent)
needs and tradeoffs they were unaware of before, and the dialog will allow them to define
them better iteratively. This will allow the user to learn about their actual preferences and
the best matching products, and the system can provide a more adequate recommendation.

Travel planning task

This scenario aims to underscore the necessity for a new evaluation framework, criteria,
and metrics to examine how complex conversational processes evolve between a user and
a CONIAC system beyond merely focusing on the outcomes. A user approached a con-
versational agent to plan a family vacation. They are four people, including two children
and a small dog, with a certain budget level. Initially unsure about destinations, activities,
and accommodations, the user relied on the agent’s guidance. The agent recommended
Japan—specifically Kyoto and Tokyo—and provided detailed information supported by
traveler reviews. When the user expressed concerns about keeping the children engaged, the
agent asked probing questions and suggested interactive activities like the Samurai and Ninja
Museum, which helped the user feel more confident in the trip’s potential.

As the planning progressed, the user’s uncertainty started to diminish. For flights, the
agent found a well-reviewed direct option within budget, but detecting the user’s hesitation
about long travel times with children, the agent inquired about preferences for layovers
or onboard services. This led the user to feel more assured in choosing the direct flight.
Regarding accommodations, the user’s initial concerns about the suitability of a traditional
ryokan for their children and dog were alleviated after the agent found a more family-friendly
alternative. The agent’s ability to adapt recommendations based on evolving user needs
gradually transformed the user’s uncertainty into confidence.

By the end of the journey, as the agent reviewed the finalized itinerary, the user had
moved from a state of high uncertainty to one of low uncertainty, feeling secure in their travel
plans. The user confirmed the itinerary and was satisfied that the agent had addressed all
concerns and tailored the trip to their family’s specific needs.
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Health information-seeking task

Looking for health information is a natural task for CONIAC. Many individuals already use
the internet for health advice, such as using symptom checkers to determine if they might
have an underlying condition or whether they should consult a healthcare professional [31].

Research has examined health information-seeking behaviors, for example, considering
how users may address an open-ended task such as “Imagine you are going to a party and will
discuss health information with your friends. Gather enough information for an interesting
discussion.” (adapted from [92]). This is a vague but complex task, requiring exploration of
a large and dynamic information space, accommodation of serendipity to access novel health
concepts, and interactions between the user and the system to support the identification of
information that is interesting and engaging to the user.

A recent study on a CONIAC system designed to help patients find cancer-related
clinical trials indicates that these systems could make health information more accessible for
individuals with limited health or computer literacy skills [17].

While CONIAC has significant potential, several concerns must be addressed when im-
plementing these systems in the health domain. One issue is that these systems may lack
the necessary expertise to accurately answer all questions, which could lead to misunder-
standings or misinterpretations and, consequently, incorrect responses [115]. Although this is
a common challenge for all search systems, it could be particularly catastrophic with health
information. Additionally, these systems often handle sensitive patient data, which requires
robust safeguarding measures. Voice-only CONIAC systems might also face difficulties with
speech recognition, especially when users are distressed or in noisy environments [111].

Enterprise and personal information management task

Enterprise information access and personal information access have distinct requirements
compared to traditional web search engines. These include challenges such as searching across
enterprise (individual) intranets or navigating multiple internal or private data sources [52].
Although there has been growing interest in workplace-oriented digital assistants, such as
Alexa for Business or the Cortana Skills Kit for Enterprise, their adoption has been limited.
However, with the increased adoption of LLM-based systems, new solutions like Microsoft
Copilot and Google Gemini are emerging to enhance productivity and streamline information
retrieval in enterprise settings [122]. Microsoft Copilot is designed to assist employees by
integrating with Office applications and providing contextual assistance and insights with
LLMs. Similarly, Google Gemini aims to leverage artificial intelligence to improve search
and information access across Google’s ecosystem. Despite these advancements, the use of
these tools remains relatively low, suggesting that further development is needed to realize
and understand the possible task and the system’s potential in the enterprise or personal
information environment fully [122, 123].

Children’s information discovery in the classroom

Children regularly engage in information discovery tasks that involve exploring online
resources to complete classroom assignments. Their default approach is to use web search
engines, but they often face challenges: (i) difficulty in formulating their information needs into
succinct keyword queries, (ii) a preference for using natural language or question-based queries,
and (iii) trouble navigating Search Engine Result Pages (SERPs) to find relevant resources
[9, 78, 96]. A conversational information access system could be highly beneficial in this
context. Such a system could ask clarifying questions to help children refine their information
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needs, provide specific answers when required, and recommend a limited set of resources for
further exploration. However, a one-dimensional evaluation (e.g., the system’s 'goodness’
based on its ability to deliver the necessary information or user perception—especially, since
children’s perceptions of their interactions with information systems do not always align
with their actions) is insufficient [19, 125]. As children are the primary stakeholders in this
scenario, it is essential to consider factors like the suitability of the information provided
and whether the vocabulary matches their literacy levels. This highlights the importance of
explicitly considering the task at hand, the stakeholder performing the task, and the various
criteria for evaluation before determining the specific metrics to be used as we reflect on the
CAFE components.

Curate a background entertainment task

Let us suppose that a user starts interacting with a CONIAC system as follows: “The next
two and a half hours, I will be working on something that takes up most of my attention,
gaze, and hands. I want to have something entertaining in my headphones during that time.
I am interested in some general topics: personal aviation, allergy medication, history of
Central Asia, and I like yacht rock and string quartets” (the last part is presumably known
to the system). The system can suggest some listening material to the user, excerpts from
audiobooks and lectures, recent newscasts with local news, and playlists the user has saved
in the library. The user can then respond by ranking the suggestions, helping the system to
sort the items that will be played in the session. The system can verify if those preferences
are generally true or specific to this session.

Longitudinal learning task

A longitudinal learning task in conversational systems refers to a sustained, adaptive learning
process where the system engages with the user over an extended period, facilitating the
exploration of various topics or skills. Unlike single-session interactions, longitudinal learning
tasks involve multiple interactions spread over days, weeks, or months. These systems
are designed to remember past conversations, track the user’s progress, adapt to changing
interests or knowledge levels, and personalize learning experiences based on ongoing dialogue.
Longitudinal learning tasks in conversational systems can provide personalized and adaptive
learning experiences by adjusting to users’ evolving interests, mental models, and needs. They
enhance knowledge retention through continuous engagement, leveraging past interactions
(i.e., memory) for more relevant and context-aware responses. Evaluating these tasks requires
a shift toward more comprehensive, long-term metrics that capture the complexity and
evolving nature of sustained learning interactions.

Establishing that a system is not the right one for some task

Let us consider the following scenario. The users asks a system about interesting sights to
see in Saarland and bike paths. The user gets some tips, but they do not seem to be geared
toward her tastes, so the user elaborates that she wants bike paths for mountain biking and
that she will be camping. The system responds but delivers the same content. The user then
asks for tips on Limburg, an area she has already vacationed in and know well. The user
realizes that the knowledge of this system is superficial while it was initially presented as a
useful resource, and she will now turn to another system. (If not conversational, the user
would have had to work hard to redo the query for another area).
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Toward future tasks

We have yet to exhaustively determine the range of tasks that conversational systems will
eventually be capable of performing. Recent research indicates that these potential tasks
are expanding beyond traditional roles, such as finding information and learning tasks, to
more complex functions like creating. This evolution is illustrated in Fig. 8, which shows the
shift towards more creative and generative tasks. We can anticipate future developments in
personalized user experiences, enhanced human-Al collaboration, advanced summarization
techniques, and multilingual communication. Consequently, the methods for evaluating these
evolving tasks will also need to adapt, potentially incorporating new metrics that reflect
these systems’ increased complexity and capability.
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Figure 8 Visualization of possible tasks for information access, demonstrating different information
access and activity levels [124, 128]. The diagram highlights the progression from simple information
finding to more complex tasks like learning, investigating, critiquing, evaluating, extracting, and
creating. The new frontier with Generative Information Retrieval (marked by dashes) indicates that
these systems can enable advanced tasks such as critiquing and evaluating, expanding beyond the
traditional search frontier also applicable to CONIAC tasks.
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7 Criteria

This section discusses the criteria to consider when instantiating an evaluation framework for
the conversational search scenario. As mentioned in Section 4, a comprehensive evaluation of
the cooperative interaction flow between a CONIAC system and its users should involve the
goals of different stakeholders. In this sense, the evaluation criteria should also account for the
different perspectives on the evaluation, e.g., from a user-oriented, company-focused, or even
societal perspective [12, 60, 120]. Sometimes, a stakeholder’s goals and the corresponding
evaluation criteria can overlap and may account for multiple aspects. However, several
evaluation criteria can be clearly attributed to the different aspects of the conversational
search and recommendation process, being both objective and subjective.

Fig. 9 illustrates a taxonomy of criteria that can be used to evaluate a conversational
system. The first partitioning of the criteria concerns the subject of the evaluation, and it
allows us to identify two major classes of evaluation criteria: System-centric and User-centric
evaluation criteria. Note that the literature about criteria is rich and diversified, lacking
standardized classifications for them across different research areas. It is beyond the scope of
this manifesto to propose such a commonly agreed classification. Therefore, by no means
do we claim the listed criteria in the taxonomy to be exhaustive, but rather, we aim to
categorize the different aspects of the cooperative conversational process, providing examples
of suitable evaluation criteria.

Criteria

)\
v y

System-centric User-centric

\ |

v v

Hardware Software
computational cost accuracy
efficiency comprehensiveness
energy usage error recovery
latency fairness

return on investment return on investment
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v

Conversation
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response quality
understanding of intent

Figure 9 Taxonomy of evaluation criteria.
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With system-centric evaluation criteria, we refer to those aspects typically—but not exclusively—

characterized by a high level of objectivity. These criteria include those that drive the
development of the system (i.e., they can be derived from the stakeholders’ constraints or
induced by the goals of the system) and those that can be evaluated in offline scenarios
using the system in isolation, although they may require some preexisting user input, such
as existing user ratings or expert labels. We can further partition system-centric criteria into
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hardware and software criteria.

Hardware-centric criteria

Hardware-centric evaluation criteria include, among others, the system’s energy usage,
computational costs, efficiency, and latency. Modern state-of-the-art CONIAC systems
mostly rely on LLMs with dedicated hardware and energy requirements. As earlier work by
Strubell et al. [114] pointed out, the energy usage of LLMs has a considerable environmental
impact, and these implications should be kept in mind by platform operators, system
developers, and also by the users. Closely related to energy usage, computational costs are
a more general criterion that is of special interest to the platform operators and service
providers, who eventually have to cover the resulting financial costs. Regarding the system’s
response time, latency and efficiency are important criteria for system operators and users
alike. Long response times may dissatisfy the users, making the service less attractive, which
can potentially lead to user abandonment or quitting the use of the service entirely.

Software-centric criteria

Software-centric criteria include those criteria that are not particularly bound to the hardware.
Among others, the system’s accuracy, comprehensiveness, or error recovery are objective
criteria that can be quantified to better understand the CONIAC system’s impact on the
conversation when evaluating the conversational process. For instance, accuracy reflects how
well the system provides correct responses (e.g., accurate recommendations) to the user’s
request. Comprehensiveness accounts for how thoroughly the request is answered and if it
requires follow-up interactions like rephrasing or making more utterances in general. Error
recovery refers to the quality of recognition and recovery from misunderstandings on both
sides of the conversation.

Other criteria—of particular interest to the society as a whole—include fairness, replica-
bility, and the alignment to societal values. An evaluation of fairness criteria allows for a
better understanding of potential biases in the data or the algorithms. Similarly, evaluating
the replicability of system-based components allows audits of the reliability and robustness of
the CONIAC system, which may inherently impact other criteria like the system’s trustwor-
thiness. In this regard, the development of the system can also be driven by societal values,
which, in turn, requires an evaluation of how well the CONITAC system is able to grasp and
convey these values to the users in the end. In this context, veracity plays an important
role, which accounts for the system’s ability to provide responses that also reflect reality.
This is especially important, considering the consequences for decision-making contexts.
Furthermore, recent work by Joko et al. [63] suggests that LLM-based conversational agents
are not diverse, so diversity can be an important criterion for future evaluations of CONIAC
systems.

We refer the reader to Sakai [100], who also provides an elaborated taxonomy of criteria
for evaluating textual CONIAC systems. Many of the criteria mentioned by Sakai [100] can
be aligned with the different aspects we envision in our taxonomy.

User-centric criteria

User-centric criteria represent the second broader category of aspects that should be evaluated
when it comes to interactive systems Kelly [66], Knijnenburg et al. [74] and especially



C. Bauer et al.

CONTAC systems [62]. Users’ subjective reflections on their interaction with the system
can be characterized as their perceptions of certain qualities of the system itself and the
self-relevant consequences of their use of the system. For CONIAC systems, we divide users’
perceptions of system qualities into perceptions of the conversation itself (e.g., engagement,
response quality), and perceptions of the content that is recommended/retrieved by the
system (e.g., perceived accuracy, serendipity).

The consequences of users’ interaction with the system have both a behavioral and
subjective component to them—the subjective component concerns users’ satisfaction with
the outcome of system use (e.g., decision confidence), their satisfaction with the process of
using the system (e.g., fun), and their trust in the system itself. The behavioral component
concerns both users’ interactions within the system (e.g., consumption, retention), as well as
actions that a user takes in the real world (e.g., recommending the system to friends), and
the consequences thereof (e.g., decision quality).

An emphasis on temporal evaluation

It is important to note that the temporal dimension of the interaction is particularly
important in CONTAC systems—this relates to both the flow of the conversation between
the user and the system, the continuance of the cooperative interaction between the user and
the system towards fulfilling the information access goal, and the development of the user’s
trust in the system [10, 65]. This means that evaluating CONIAC systems requires us to
evaluate the system at various temporal scopes: evaluation can address a single turn (i.e., the
traditional evaluation metrics), a conversation (e.g., flow, continuance), or the system usage
across multiple conversations (e.g., trust). Measuring the interaction at all of these levels
means applying methodologies and metrics that extend beyond a single interaction and that
do not just cover a CONIAC systems’ stationary properties but also its dynamic properties
(which can be measured either continuously or at a certain discrete temporal rate).

8 Methodology

The advantage of CONTAC systems is their support for complex, rich, cooperative interactions
that go beyond the back-and-forth interactions with traditional IR and RS systems. This
richness of conversations must hence be reflected in the evaluation of CONIAC systems,
even beyond extensions for generative systems like that of Gienapp et al. [47]. Traditional
interactive IR and RS evaluations span from system-focused evaluations to user-focused
evaluation methodologies [66, 135]—in the context of CONIAC systems, we advocate for an
even stronger emphasis on user-focused evaluation to better capture the qualities of these
complex, cooperative interactions. Additionally, the dimension of time is critical for CONIAC
systems, which is not reflected in most IR and RS evaluation methodologies used so far.
Therefore, we categorize evaluation methodologies—both quantitative and qualitative—
along two dimensions: (1) according to the focus of a study (a standard dimension in
IR), ranging from system-focused methodologies like offline simulations to user-focused
methodologies like qualitative interviews; and (2) according to the employed time model
(a dimension from system behavior theory that is especially suitable for CONTAC studies),
ranging from stationary methodologies like single-interaction experiments to methodologies
like longitudinal user studies that allow for continuous measurements of, for example,
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Figure 10 In conversational settings, time makes the difference. See above the methodologies
spectrum, “Involvement” (the x-axis) as introduced by Kelly [66] (shown lower left), extended by an
orthogonal “Time model” axis. The figure also gives four examples of methodologies and how they
cover different parts of the user involvement and time model space.

satisfaction. While evaluation criteria are defined as agnostic of time models, for the actual
evaluation, one has to decide which time model to use, which limits the available evaluation
methodologies and affects the details of their implementation. Given the criteria of interest,
one has to choose an evaluation methodology that covers these criteria. In this respect,
we give a brief overview of existing methodologies, highlighting the clear divide between
user-centric and system-centric approaches.

Methodologies for CONIAC systems

Evaluation methodologies for information systems can be placed along a continuum [66]
from focusing on the system (without integrating actual users, like offline simulation) to
focusing on the users (without integrating specific systems, like behavioral diary studies [119]).
Methodologies focusing on the interaction between specific users and specific systems are
placed in the center. The space depicted in Fig. 10 has this continuum as its horizontal axis.

Conversations are complex, dynamic interactions that evolve continuously as they progress
toward the user’s goal. This temporal aspect corresponds to two different concepts: The scope
(how much we measure, from single turns to multi-conversation interactions) and the model
of time (unit of analysis, from single discrete to continuous). We expand the one-dimensional
continuum of Kelly [66] with the time model that the methodology implements, taken from
the theory of system behavior [133] (cf. Fig. 10). Therefore, evaluation methodologies must
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be selected or adapted to fit the concept of time the research question demands. The four
different time models, each implemented by several methodologies, are the following;:

Memoryless (stationary)

A single data point is measured per conversation (named “memoryless” in system behavior
theory). For some research questions, especially when comparing systems, it is sufficient
to measure either only once for a conversation—typically at the end—or to take only an
aggregated measurement like an average. A typical example of system-focused evaluations
with this time model are single-interaction experiments, which include the TREC CAsT [33-
35, 90] and TREC iKAT [3] competitions in which systems are asked to respond to a user
utterance with conversation history, or the Netflix prize in which algorithms are asked to
increase recommendation performance across a dataset [16]. A typical example of user-
focused evaluations with this time model are controlled user studies with a post-conversation
survey [72].

Discrete event

The occurrence of discrete events is measured. Typically employed events are the utterances
in conversations with chat-based agents and speaker changes for voice-based agents. Other
suitable resolutions are single words uttered, topic switches, when the user has completed
some sub-tasks and asks the agent for new instructions (e.g., when the agent assists in
cooking), or when the recommended song is finished. A typical example of evaluation
methodology is interaction-log analysis, where the events are reconstructed from the logs.
Examples of available search interaction-logs include MS MARCO [88] Conversational Search?
and CIRQL [123]. Detailed behavioral logs may be created by employing advanced user
tracking mechanisms [131]. If no logs of real interactions are available, offline simulation
can be employed to generate interactions, for example, using software like SimIIR [137],
GenIRSim [70], and UserSimCRS [1].

One evaluation methodology that follows a discrete event time model that is especially
relevant to CONIAC is discourse analysis, which entails parsing the conversation according
to theories from the discourse and dialog literature as an intermediary step for the evaluation.
The parsed representation of the conversation follows, for example, rhetorical structure
theory [84], models of argumentation [113], or the conversational roles model [108]—the last
was specifically developed for CONTAC and builds on top of the theory of speech acts [104].
The parsed representation can then be employed as a model of the conversation [69], for
example, to detect anomalous conversations [126]. Available datasets include SCS [121] and
MANTUIS [95].

Discrete time

Measurements are taken at discrete and regular points of time according to a selected sampling
rate, ranging from a fraction of seconds to days. As conversations are typically analyzed
in terms of the events described above, this time model is not as frequent in CONIAC
experiments. However, especially for wearable or ubiquitous conversational agents like ones
integrated into smart watches or glasses, experience sampling [93]—which uses the discrete

4 An artificial log generated based on real search engine usage
https://microsoft.github.io/MSMARCO-Conversational-Search/

33

24352


https://microsoft.github.io/MSMARCO-Conversational-Search/

34

24352—Conversational Agents: A Framework for Evaluation (CAFE)

time model by definition—could be an especially suitable methodology to gain insights into
natural usage behavior. Discrete-time evaluations may also be used in longitudinal studies
to track the evolution of users’ interactions with the system. Finally, in descriptive research,
diary studies can be used to obtain user input at set time intervals, e.g., on a daily basis [24].

Continuous time

Measurements are taken continuously. Though measurements taken with computers might
not be genuinely continuous, methodologies that use this time model could use a very high
sampling rate to effectively resemble continuous measurements and thus allow for calculating
measurement derivatives. Physiological measurements are often taken continuously, for
example, saccades and dwell times in eye tracking studies [13]. Continuous measurements
do not need to be without interruption. When evaluating several interaction sessions with
CONIAC systems, the measurement can pause.

Existing methodologies

In the following, we briefly define well-known methodologies that can be used to evaluate
CONIAC systems, some of which have been mentioned above.

Single-interaction experiment The class of offline methodologies that examine a single
user interaction with a conversational system. This technique is among the easiest
methodologies for rapid assessment.

Offline simulation (incl. A/B) Offline simulation involves testing a system or model using
pre-recorded data instead of real-time data [56]. Offline A/B testing compares two
versions of a system by running simulations on historical data to see which performs
better. These methods help in evaluating changes without affecting live users.

User simulation (incl. LLM-based) User simulation refers to methods where user behaviors
are simulated by software. Especially, LLM-based approaches allow for simulating users’
interaction behaviors for various tasks such as conversational search and recommenda-
tion [105, 138].

Online A/B testing Online A/B testing involves comparing two versions of a system to see
which performs better [75]. Users are randomly shown either version A or version B, and
their interactions are tracked to measure effectiveness and/or efficiency.

Interaction-log analysis Interaction-log analysis involves studying past user interactions to
understand how people use a system. By examining these logs, patterns, and trends can
be identified in user behavior. This information helps improve the conversational system
to meet user preferences better.

Expert evaluation Expert (or editorial) evaluation involves having specialists or experienced
editors assess components of conversations. The experts provide feedback based on their
knowledge of the field.

Discourse analysis Discourse analysis is a research field for the offline study of transcripts
from written or spoken conversations. Discourse analysis can be done on various levels
of abstraction, ranging from the very fine-grained conversation analysis family of meth-
ods [107] to methods based on, e.g., rhetorical structures, social processes, or systemic
linguistics. In general, discourse analysis examines how linguistic and, in some cases,
para-linguistic mechanisms and elements are used to achieve communicative goals in
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recorded interactions and how they make it possible for participants to make sense of a
conversation [49].

Data donation Data donation methodologies involve different ways people can share their
data for research or analysis [136]. This can include directly providing data, allowing access
to existing data, or contributing anonymized data collected by devices. These methods
help researchers gather valuable information while respecting privacy and consent. They
also allow the gathering of information that sits across multiple systems or authorities.

Wizard of Oz / observational study The Wizard of Oz methodology involves creating a
prototype where users interact with a system they believe to be automated but can be
operated by a human behind the screen [32, 73]. This enables researchers to test and refine
the system’s design and functionality before fully developing the technology. Alternatively,
for conversational experiments, two humans could observe their interactions as a first
step, referred to as observational studies [121]. It is a cost-effective, rapid deployment
way to gather user feedback and improve the system based on real interactions.

Controlled user study (incl. longitudinal) Controlled user studies involve observing and
testing users in a structured environment to evaluate how they interact with a system [72].
Longitudinal studies extend this by following the same users (commonly referred to as
panels) over a longer period to see how their interactions and experiences change over
time. Commonly explicit feedback is gathered after the study. These methods help
researchers understand both immediate and long-term effects.

User survey (quantitative) User survey methodologies involve collecting feedback from
people through questionnaires. These surveys ask users to outline their experiences,
preferences, and opinions to gather valuable insights.

User interview (qualitative) Qualitative user interview methodologies involve conducting
in-depth conversations with users to understand their experiences, thoughts, and feelings.
These interviews typically follow a methodology (e.g., grounded theory [27]). This
approach helps researchers gain an understanding of motivations.

Diary study / experience sampling Diary study and experience sampling methodologies
involve participants reporting their thoughts, feelings, and activities. In the former,
participants write diary entries. In the latter, participants are prompted throughout the
day. This approach helps researchers understand people’s experiences and behaviors in
their natural environments.

For planning an evaluation, one usually starts from the goals of the evaluation (see Sec-
tion 4) and then defines the criteria of interest (see Section 7). In the next step, one needs to
choose an evaluation methodology covering these criteria. Table 2 shows the methodologies
described above and lists the criteria categories of Section 7 for which they are most suit-
able. As the table shows, there is a mostly clear divide between system- and user-oriented
methodologies [66].

9 Measures

This section presents the commonly used measures for assessing system-centric hardware
and software criteria, and the measures for evaluating user-centric criteria (including users’
subjective reflection on their interactions, their perceptions, and behavioral measures).
Depending on the goals and criteria a specific system aims to fulfill, one can adopt the
suitable evaluation methodology (see examples in Table 2) to assess the corresponding
measures.
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Methodology Criteria

System-centric User-centric

Hardware Software Conversation Content Consequences

single-interaction experiment v *
g p

offline simulation (incl. A/B)
user simulation (incl. LLM-based)
online A/B testing

interaction-log analysis

FENEN
PENENEN

AN

*
*

expert evaluation

AN
*
AN

discourse analysis

*

data donation
wizard of oz / observational study
controlled user study (incl. longitudinal)

user survey (quantitative)

EE TN

user interview (qualitative)

NN NN
ANENENEN
Q\

diary study / experience sampling

Table 2 Examples of methods suitable for evaluating criteria categories (v'—all criteria of this
category, *—only some)

Measures for system-centric criteria

There are tutorials and reviews of measures in IR [102], RS [50], and software [41]. As with
all measures, it is important to ensure they are used with care [45].

Measures are commonly used to quantify criteria. For hardware, common measures
include computational cost, potentially specified in currency units; efficiency, potentially
specified in terms of computational needs per data unit processed; energy usage, potentially
specified in kilowatt hours per computational task; and latency, potentially specified in
seconds.

Software measures include, but are not limited, to accuracy, potentially specified in
Normalized Discounted Cumulated Gain (nDCG) or Area Under the ROC Curve (AUC);
comprehensiveness, potentially specified in terms of recall; error recovery, potentially specified
in terms of mean time to repair; fairness, potentially specified in terms of the divergence
from expected distribution; replicability, potentially specified in terms of the ease with which
others can reproduce an existing algorithm/system; stability, potentially specified in terms of
mean time between failure; veracity, potentially specified by data error rate; and verifiability,
potentially specified by the percentage of fact indication covered by evidentiary sources.

Measures for user-centric criteria

Measuring the effects of a CONIAC system on its users requires either observing the user’s
interaction with the system or probing the user for their reflection on their interaction with
the system.

Users’ subjective reflection on their interaction with the system can be measured using
multi-item measurement scales, many of which can be captured by existing user-centric
evaluation frameworks [62, 74] or established scales for specific aspects (e.g., for various
dimensions of trust [87]. It is important to adapt these scales to the context of the system
(e.g., a scale for goal achievement should broadly refer to the goal of the specific system
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under evaluation, if known) or to develop new scales where needed—the interested reader can
refer to DeVellis [37] for a primer on how to develop robust subjective measurement scales.

Behavioral measures that comprise users’ interactions with the system can be measured
using conversation logs and compiled into measures that have been defined extensively in
the area of A/B testing [75]. Objective outcomes that occur outside the system have been
covered in the domain of behavioral psychology [132].

Tt is important to note that users’ perceptions and behaviors (both within and outside
the system) are subject to be affected by users’ personal characteristics and contextual
variables [21]. It is also important to measure users’ perceptions and behaviors at the
appropriate temporal scale and/or frequency. For example, users’ decision-making can be
traced temporally through expansive interaction logging [103], and the development of trust
within an interaction session can be measured by repeatedly probing users with trust-related
questions or by repeatedly observing trust-related behaviors [64, 65].

10 Research Directions

In this section, we highlight some possible questions that remain open and may constitute
future research directions, requiring further and deeper investigation.

Stakeholder Goals

What do users really expect from CONIAC systems?

How can CONIAC systems accurately deduce stakeholders’ goals from interactions with
users?

How can we help users select the best CONIAC for a given task?

User Aspects

Which types of users can benefit substantially from CONIAC systems and how?

What are good measures of individual and cultural differences for users of CONIAC
systems?

What individual and cultural differences are important moderators of the success of
(specific types of) CONTAC systems?

How do we ensure statistical validity and power when experimenting with different types
of users?

Task

What common characteristics do complex tasks have that can benefit significantly from
CONIAC systems?

How can CONIAC systems become closely integrated into task environments, and how
can their contribution to task performance be evaluated in these settings?

What temporal patterns can be observed in the level of perceived task complexity during
interactions with a CONIAC system?

How can a user and a CONIAC system efficiently agree that a given task is beyond the
system’s capabilities?

What array of criteria and methods can capture, account for, and reflect the dynamic,
evolving, and possibly multi-modal nature of conversations?

37

24352



38

24352—Conversational Agents: A Framework for Evaluation (CAFE)

Criteria

What criterion makes a difference in users’ evaluation of CONIAC systems?

Can we foresee a future when we will be able to assess user-centric criteria (e.g., during
system development) using LLMs in a simulation setting?

How can we structurally report on multi-criterion evaluations that include both system-
centric and user-centric criteria?

Methodology

What methods can be developed to evaluate CONIAC systems that prevent test data
leakage while ensuring robust and reliable evaluation metrics?

How can we accurately attribute the performance of a conversational model to its
individual components?

What approaches can be used to evaluate the accuracy and relevance of responses from a
CONIAC system, particularly when these responses are derived from the aggregation of
multiple documents and the system’s internal knowledge?

Can we reuse interactions and corresponding labels between a system and a user to
evaluate a different system, or would this bias our observations on the second system?
How do we ensure reproducibility of experiments when they involve users, interaction,
possibly simulation, and inherently stochastic systems (e.g., LLMs)?

Measures

Besides user studies, what offline evaluation measures can we develop to assess continuous
criteria such as conversation flow and continuance?

What is the most effective and statistically sound approach to aggregate measures across
different interactions? Is it just averaging, or should we develop protocols more aligned
with the structure of a conversation (e.g., non-independent interactions, graph structure)?
Which measures are suited to evaluate the dynamic evolution of a conversation over time,
including changes in mental models and user-centric evaluation criteria?

11 Conclusions

In this manifesto, we made a case for the need for more advanced conversational systems
(Section 1), which go beyond what current technology—despite being already very performing—
is able to do. In this respect, we elaborated an abstract and essential World Model (Section 2)
for the area we called CONversational Information ACcess (CONIAC). In this model, we
defined how a conversation goes on as a sequence of events in the CONIAC process layer
and introduced the main features of CONIAC systems in terms of: (i) blending different
technological domains, such as IR and RS; (ii) embedding both internal knowledge about the
user and external knowledge about the world or context in which the user and the system
operate; (iii) tracking the state of the conversation both as flows of events and as dynamically
updated beliefs in the user information state.

The above vision of the CONIAC world led us to elaborate the Conversational Agents
Framework for Evaluation (CAFE) (Section 3). This stems from the observation that, to
align with the flows of the events in the CONIAC process layer and with the evolution of the
state of a CONIAC system, evaluation should turn into a dynamic series of probes rather
than being a single static assessment, as it is mostly today.



C. Bauer et al.

Then, in the following sections, we detailed the main areas of the CAFE framework,
namely, Stakeholder Goals (Section 4), User Aspects (Section 5), Task (Section 6), Criteria
(Section 7), Methodology (Section 8), and Measures (Section 9). We provided suggestions
and examples of possible instantiations for each of these areas without pretending to be
exhaustive.

Finally, we presented open research questions that have emerged during the discussions
on the different parts of CAFE that may suggest future research directions.

This manifesto should not only be regarded as a useful account of an important research
challenge. We hope that it will also produce valuable fall-outs, such as bringing these
issues into the research agenda of the involved communities, providing a common ground to
coherently develop cross-sectorial research, helping funding agencies envision appropriate
funding instruments for addressing these challenges, and motivating researchers to overcome
today’s limitations.
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