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Abstract

Knowledge Graphs (KGs) are foundational infrastructure for search,
question answering, and entity-centric applications, on the open
web and within domain-specific platforms. Their lifecycle, from
construction over heterogeneous sources to evaluation at scale and
use in downstream tasks, raises a coupled set of data management
problems that shape the reliability and utility of every system built
on top of them. This tutorial offers a high-level view of KG data
quality at scale, organized along KG lifecycle stages. We first frame
KG construction and the open challenges that arise when facts are
extracted from noisy, evolving sources. We then turn to evalua-
tion, covering efficient quality estimation, as well as the role of
Large Language Models (LLMs) as validators and auxiliary signals.
We close with downstream applications, including entity-oriented
search and scalable defect detection, which translate evaluation
outcomes into operational decisions.

Keywords
Data Quality, Knowledge Graphs

ACM Reference Format:

Stefano Marchesin, Gianmaria Silvello, and Omar Alonso. 2018. Knowledge
Graphs Data Quality at Scale: Challenges, Solutions, and Applications.In
Proceedings of 35th International ACM Conference on Knowledge and In-
formation Management (CIKM °26). ACM, New York, NY, USA, 5 pages.
https://doi.org/XXXXXXX.XXXXXXX

1 Introduction

Knowledge Graphs (KGs), structured repositories of factual in-
formation encoded as subject-predicate-object (s, p, o) triples, un-
derpin a broad range of information systems, including search
engines, question-answering systems, and entity-centric applica-
tions [11, 28, 32]. Open and industrial KGs [3, 13, 14, 25] are popu-
lated from heterogeneous, often conflicting sources, which makes
them inherently noisy and difficult to keep up to date [7, 27, 34].
The data quality of a KG therefore depends on choices made along
the development and maintenance lifecycle: how facts are extracted
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and integrated, how their reliability is estimated, and how the re-
sulting uncertainty is propagated to downstream tasks [23]. Errors
that survive construction propagate into search, recommendation,
and Large Language Model (LLM)-grounded applications, where
they are costly to detect and even more costly to roll back.

This tutorial provides a high-level view of KG data quality at
scale, organized along the three stages of the lifecycle: construction,
evaluation, and downstream use. We frame the open challenges of
KG construction in evolving settings, cover the statistical machinery
used to obtain reliable quality estimates under limited budgets, and
examine how evaluation outcomes feed downstream applications
such as quality-aware entity-oriented search and scalable defect
detection. Across the three parts, we connect statistical theory [4,
16] to deployment practice and identify open research directions at
the intersection of data management and information retrieval.

2. Relevance and Novelty

KG quality has been surveyed at the conceptual level [11, 23, 34]
and at the system level for construction and serving [5, 13, 14,
25]. Existing tutorials in the CIKM community have addressed KG
construction and embedding methods, but none has so far offered a
unified treatment of the data quality problem across the three stages
we cover here. The proposal targets a gap in the data management
and information retrieval literature that is increasingly visible as
KGs are deployed in production search, recommendations, and
question answering systems, and as LLMs start to significantly
rely on KG data for grounding. By bringing together construction,
evaluation, and downstream applications under a single framing,
the tutorial provides attendees with a cross-cutting view of how data
quality decisions propagate through a real KG-powered system.

3 Target Audience, Prerequisites, and Benefits

Audience. The tutorial targets researchers and practitioners in
information retrieval, data management, and natural language pro-
cessing who design, evaluate, or deploy KG-based systems. It is
equally relevant to academic researchers working on construction
and evaluation methodologies and to applied practitioners running
KGs in production. We expect interest from attendees working on
data quality, information extraction, entity-oriented search, and
LLM grounding.

Prerequisites. Attendees are expected to be familiar with the
basic structure of RDF KGs (triples, predicates, entities) and with
elementary probability and statistics (expectation, variance, confi-
dence intervals). No prior knowledge of survey sampling theory,
Bayesian inference, or LLM internals is required.
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Benefits. Participants will: (i) acquire a working understanding
of KG construction at scale and of the data quality challenges that
emerge in evolving settings; (ii) learn the statistical principles un-
derlying KG quality estimation and the failure modes of naive
approaches; (iii) see how evaluation extends to utility-weighted,
entity-centric, and LLM-assisted settings; (iv) understand how eval-
uation results feed downstream search and defect detection; and
(v) identify open research problems at the intersection of data man-
agement, information retrieval, and natural language processing.

4 Tutorial Outline (Half-Day, 3 Hours)

The tutorial is organized along the three stages of the KG lifecy-
cle: construction, evaluation, and downstream use. Each part is
self-contained yet builds on the previous one, so that attendees
can follow how data quality decisions taken at construction time
propagate through the evaluation machinery and into the systems
that consume the KG.

4.1 Part 1 — KG Construction and Data Quality
Challenges (60 min)

Part 1 sets the context. We first walk through a representative KG
construction pipeline, then frame the open data quality challenges
that arise once KGs are deployed and evolve.

1.1 Constructing KGs at scale (35 min). We use the CORE
system [18] as a use case scenario of a KG construction pipeline
operating under limited annotation budgets. CORE combines dis-
tant supervision and active learning over a modular architecture
comprising five components: data acquisition and named entity
recognition/disambiguation, manual annotation of seed examples;,
relation extraction training, large-scale automated annotation; and
KG population. Three workflows orchestrate these components: a
bootstrapping workflow in which domain experts annotate.a seed
set to train relation extractors; a deployment workflow in which
trained models scale annotation over the full corpus; and an active
learning workflow that surfaces low-confidence predictions to ex-
perts for iterative refinement. We then connect these design choices
to broader literature on KG construction [5, 14, 25, 32], highlighting
where data quality issues are introduced along the pipeline, from
entity ambiguity and relation noise at extraction time to coverage
skew [30] between head and tail entities at KG-population time.

1.2 From construction to evaluation: data quality challenges
(25 min). Once deployed, the KG quality is shaped by forces that
the rest of the tutorial addresses in turn. Sources change, disagree,
or drift; previously verified facts can become stale or inconsistent as
the KG evolves [27]; and different subsets of the KG serve different
workloads, so the cost-benefit of verification is not uniform. Source-
centric curation [23, 26, 34] and automated constraint checking
(e.g., SHACL) are necessary but insufficient: subtle semantic and
temporal errors escape structural checks, and large-scale manual
re-verification is prohibitive. We review these failure modes and
their cost structure to frame the central question of the tutorial:
how to estimate, with controlled cost and statistical reliability, the
fraction of correct facts in a KG, and how to channel the resulting
evidence into downstream pipelines. This sets the agenda for Part 2
(evaluation methodology) and Part 3 (downstream applications).
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4.2 Part 2 — Evaluation Methodologies (75 min)

Part 2 covers the statistical techniques used to estimate KG qual-
ity at scale and to support cost-aware verification, ranging from
population-level to utility-oriented and LLM-assisted designs.

2.1 Sampling-based quality estimation (20 min). We define
KG quality as the fraction of correct triples, defined globally, per
predicate, or per entity cluster depending on the downstream target.
We introduce the annotation cost model of [8], in which cost is
proportional to both the number of entity clusters touched during
annotation and the raw triple count: annotating multiple triples
from the same cluster amortizes the context-switch overhead that
dominates expert effort in practice. Building on this model, we walk
through the principal sampling designs, stating the estimand, deriv-
ing the unbiased estimator, and quantifying the variance for each.
Simple random sampling provides the reference; cluster sampling
groups triples by entity clusterto exploit the within-cluster context
savings; stratified sampling partitions the entity-cluster population
into homogeneous strata to reduce within-stratum variance. We
discuss when each design is appropriate and how incremental ex-
tensions, including weighted reservoir sampling [6], are used in
evolving settings: On real-world KGs, these designs reduce annota-
tion cost by up:to ~60% over uniform baselines on static KGs, and
by up to ~80% when updates are exploited as additional strata [8].

2.2 From confidence intervals to credible intervals (20 min).
We explain why the choice of interval, not just the point estimate,
matters for KG quality reporting [19, 20]. The Wald confidence
interval, used by default in prior KG estimation work, relies on a
normal approximation that breaks down precisely in the regime KG
evaluation operates in: small to moderate sample sizes and high KG
quality. The Wilson confidence interval, adapted to cluster and strat-
ified designs in [19], eliminates Wald failure modes and improves
estimation reliability by up to ~2X on real-world KGs. We then
introduce Bayesian credible intervals based on Highest Posterior
Density (HPD) regions [20], motivated by three properties: one-shot
interpretation, where a 95% credible interval admits the direct prob-
abilistic statement that true quality lies within the interval with
probability 0.95 given the data [10, 24]; natural post-data inference
via the posterior distribution; and maximal precision, since HPD
regions are the shortest possible intervals at a given credibility level.
Hence, credible intervals deliver stronger post-data guarantees than
Wald and Wilson intervals across real-world KGs [20].

2.3 Utility-oriented and budget-aware estimation (15 min).
Standard quality estimation allocates annotation budget uniformly,
regardless of which facts matter most to downstream applications.
We cover utility-oriented designs that relax this assumption when
the KG serves a known workload [21]. We discuss the practical
issues that arise when the utility distribution is heavy-tailed (bias
control toward popular entities) and when logs are unavailable
(cold start), as well as how the design composes with the statistical
techniques from Part 2.2.

2.4 LLMs for KG quality assessment (20 min). This unit
equips attendees to reason about whether and how LLMs can sup-
port KG quality assessment. We distinguish two operational roles.
In the validator role, attendees will learn how to benchmark LLMs
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against human judgments and across operational configurations
(internal knowledge, retrieval augmentation, multi-model consen-
sus) [21, 29]. Current evidence shows that LLMs are not yet a re-
liable substitute for human annotators: they exhibit systematic
biases such as overestimating accuracy relative to expert judges,
and gains from retrieval augmentation and multi-model consensus
are inconsistent. Attendees will therefore learn what to test for
before trusting an LLM validator and why direct substitution for
human labels remains premature. In the stratification signal role,
attendees will see how aggregated LLM predictions can still drive
sampling design without requiring the LLM to be correct, by parti-
tioning a KG into strata with internally homogeneous quality [17];
alightweight distillation step on a small LLM-annotated seed makes
the signal usable at scale. Attendees leave with a clear position on
which LLM uses are currently safe (stratification signals for cost
reduction) and which remain premature (direct validation).

4.3 Part 3 — Downstream Applications and
Open Problems (45 min)

Part 3 concludes the tutorial by showing how evaluation outcomes
are consumed by downstream systems, with two representative use
cases.

3.1 Veracity in entity-oriented search (15 min). Entity search
systems retrieve entities and generate entity cards from KG facts,
yet existing evaluation frameworks assume the underlying KG is
accurate and measure relevance alone [9]. A relevant but incorrect
fact in an entity card degrades user trust and decision quality in
ways that relevance metrics alone cannot detect. We present a
veracity-aware assessment methodology that treats relevance and
veracity as orthogonal axes [22], the corresponding annotation
protocol, and how to allocate the budget to quantify the impact.of
KG inaccuracies on entity rankings and card composition. Wethen
show how to integrate veracity signals into existing evaluation
pipelines without re-annotating relevance from scratch, preserving
comparability with prior benchmarks while exposing the veracity
dimension.

3.2 Defect detection at scale (15 min). We present two comple-
mentary techniques for scaling veracity-aware evaluation to large
KGs and entity-centric workloads [15]. eRank is an entity-level,
veracity-driven re-ranking metric that lets a system trade relevance
against veracity in a controlled way: across 12 retrieval systems
on DBpedia-Entity v2 [9], eRank improves veracity gain by up to
34% without degrading nDCG. ALADDIN (Active Learning-based
verAcity-Driven Defect IdentificatioN) is a lightweight pipeline for
fact-level defect detection with a two-stage architecture: an offline
regression model trained on KG fact embeddings, and an online
active learning mechanism that uses entity cards as the annota-
tion interface and a residual-based selection strategy to surface the
most informative triples for iterative human feedback. ALADDIN
reaches up to 127% precision improvements over standard, offline
baselines under limited annotation budgets. We discuss how these
methods plug into the evaluation framework from Part 2 and how
their outputs feed back into construction-time curation.

3.3 Open problems and outlook (15 min). We close with a
structured discussion of open research directions. Query-level and
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task-conditional quality evaluation conditions estimates on a specific
retrieval or inference task rather than the global KG population,
connecting to approximate query processing on graphs [31]. Tempo-
ral dynamics and incremental re-evaluation address how to maintain
reliable estimates as facts are added or revised in continuously up-
dated KGs [27]. Cross-KG evaluation and transferability examine
whether distilled models for stratification signals trained on one
KG generalize to others, with implications for the broader literature
on knowledge distillation of LLMs [33]. We also discuss the inter-
action between KG quality estimation and LLM-based applications,
including hallucination measurement and long-form factuality eval-
uation [12], where reliable KG-side evidence is increasingly used
as grounding,.

5 Prior Presentations

This tutorial has not been presented previously. Most individual
research results covered here were presented by the authors as con-
tributed papers in Database (2023) [18], PVLDB 2024 [19], HCOMP
2024 [21], CIKM 2024 [22], SIGMOD 2025 [20], CIKM 2025 [15],
EDBT 2026 [29], and PVLDB 2026 [17]. The tutorial integrates these
results into a unified framing of KG data quality across the con-
struction, evaluation, and downstream-use stages, with explicit
connections to the broader literature and expanded coverage of
open problems and practical considerations not available in any
individual paper.

6 Presenter Biographies

Stefano Marchesin. is an Assistant Professor in the Department
of Information Engineering at the University of Padua, Italy. His
research addresses data quality, KG construction and evaluation,
and information retrieval. He has published at PVLDB, Proc. ACM
Manag. Data (SIGMOD), CIKM, EDBT, HCOMP, SIGIR, ECIR, and
ACM TOIS. He is lead or main co-author of most papers covered in
this tutorial and and has presented research at international data-
base and information retrieval conferences. He serves on program
committees including VLDB, ICDE, SIGIR, CIKM, WWW, WSDM,
ECIR, and ICTIR.

Gianmaria Silvello. is a Full Professor in the Department of Infor-
mation Engineering at the University of Padua, Italy. His research
focuses on data management, knowledge graphs, information re-
trieval evaluation, and scientific data infrastructures, with emphasis
on the representation, curation, and reuse of structured data. He
has published at PVLDB, Proc. ACM Manag. Data (SIGMOD), ACM
TOIS, CIKM, SIGIR, ECIR, and EDBT. He has co-authored most
papers covered in this tutorial and has long-standing experience
in the design and evaluation of large-scale information access sys-
tems. He has served as program co-chair, area chair, and program
committee member at major data management and information
retrieval venues, including Proc. ACM Manag. Data (SIGMOD),
PVLDB, SIGIR, CIKM, and ECIR.

Omar Alonso. is a Principal Scientist at Amazon, Santa Clara,
California. His research focuses on search, knowledge graphs, hu-
man computation, and evaluation methodology, with substantial
work on the use of crowdsourcing for relevance assessment and
quality control [1]. He has co-edited a recent book on IR [2]. He has
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co-authored the tutorial papers on KG construction [18], utility-
oriented KG accuracy estimation [21], veracity in entity-oriented
search [22], and scalable defect detection [15]. He has extensive ex-
perience connecting academic research on KG quality with industrial-
scale deployment challenges, and has delivered tutorials and keynotes
at SIGIR, WSDM, CIKM, and ECIR.

7 Tutorial Materials and Reproducibility

All experimental results discussed in the tutorial are reproducible
from publicly available artifacts. Sampling and estimation code,
LLM stratification scripts, and the eRank/ALADDIN pipelines are
released at https://github.com/KGAccuracyEval, together with an-
notated benchmark subsets and utility logs used in [15, 21]. The
CORE construction pipeline from [18] is available at https://github.
com/GDAMining/core and the derived KG at https://zenodo.org/
record/7577127. Attendees will receive slides, an annotated reading
list organized by the three parts, and a step-by-step Jupyter note-
book reproducing the headline results of [17, 19, 20] on a small KG
sample suitable for laptop execution.

8 Resource Requirements

Standard projector and screen. No special hardware or software
requirements; attendees interested in running the accompanying
notebook need a standard Python environment with numpy, scipy,
and rdflib.
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