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1 Knowledge Graph Quality Evaluation

Most research on Knowledge Graph (KG) quality adopts a source-centric view that prioritizes
identifying reliable data sources [5, 7, 8], documenting ingestion and transformation pipelines [25,
32], and specifying configuration artifacts that capture which sources contribute to which predicates
and entity types [9, 15]. As a result, a large body of work has examined source reliability metrics [12,
34], pipeline governance [33], and best practices for selecting authoritative inputs [10, 35]. These
ideas governed the design of widely used KGs such as DBpedia [2], YAGO [29], and Wikidata [31],
which incorporate references and provenance from external sources to support facts. Following
these accounts, we use quality evaluation to denote the systematic, evidence-bearing measurement
of fitness-for-use properties of a KG (e.g., accuracy, consistency, completeness, timeliness [35]) via
a combination of automated validation (e.g., SHACL constraint checking), manual verification (e.g.,
sampling-based accuracy estimation [13]), and provenance-aware audits [10, 33].

This view is appealing: by prioritizing trusted inputs and transparent pipelines, data creators and
curators use source credibility as a proxy for KG reliability. Foundational work on KG trustworthi-
ness [6, 8] and large-scale KG construction [4, 32] identifies source credibility, curation workflows,
and systematic ingestion as prerequisites for quality [21, 29]. Industrial-scale KG systems likewise
emphasize careful source selection and rigorous pipeline governance [16, 17, 23].

At the same time, recent work has started to highlight how the source-centric view might be
limited for modern KGs in dynamic, evolving domains [22, 27]. In practice, many widely used
KGs continuously evolve as facts change, new evidence emerges, and contributions accumulate.
Quality challenges in these settings extend beyond source selection: systems must also explain how
facts evolve over time, determine when previously verified facts require re-evaluation, and provide
evidence that downstream applications can interpret and audit. Hence, we identify data-quality
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2 Marchesin et al.

challenges that arise when KGs evolve continuously, with particular emphasis on temporal validity,
provenance, and cost-aware re-evaluation.

To this end, let us consider representative scenarios: (E1) a gene is reclassified from tumor
suppressor to oncogene as scientific understanding evolves; (E2) a professional athlete transfers
between teams; (E3) a corporate acquisition takes place, triggering a cascade of dependent updates
(subsidiary relations, executive roles, stock identifiers). Unlike standard correction cases, where an
assertion is revised because it was simply the result of a human or automated error, E1-E3 reflect
actual changes in the real world. As a result, correctness depends not only on source reliability, but
also on the temporal dimension: when an assertion entered the KG, when it held, and when it was
modified or retracted. Evolving KGs must therefore satisfy three key requirements.

R1: Temporal provenance and history (what the KG records). The KG must store, alongside
each assertion, its temporal scope, the evidence supporting it, and a retrievable history of prior
states. In E1, R1 mandates that gene-X is-a tumor-suppressor be retrievable together with its
2019 evidence and validity interval, distinct from the 2023 reclassification as oncogene; this would
enable retrospective and longitudinal queries (e.g., “What function was attributed to gene X in 2019
compared with 2023?”). R1 is a representation requirement on the data and metadata.

R2: Context-dependent correctness (how correctness is assessed). Whether an assertion
is correct must be evaluated against the time and evidence to which it refers, not against a single,
atemporal ground truth. In E2, plays-for (A, Team1) is correct in 2022 and incorrect in 2024, and
both judgments must be supported simultaneously by the evaluator given what R1 stored. R2 is a
Jjudgment requirement on the evaluation procedure, and it presupposes R1.

R3: Cost-aware quality management (how often, how thoroughly). Sustaining KG quality
under continuous change requires budget-aware monitoring and updates. The evaluation process
must decide when to recompute quality estimates, which assertions to re-test, and how to trade off
computational cost (e.g., human annotation, snapshot storage) against expected quality gain [13].In
E3, R3 governs which of the corporate acquisition’s dependent updates are re-verified eagerly and
which are deferred. This involves choices such as keeping full historical snapshots vs. compressing
high-velocity data (e.g., stock prices or game scores), or refreshing quality measures after every
update vs. only when changes exceed a threshold.

The challenge we discuss in this paper is therefore not whether KGs can be updated, but how
their quality can be assessed and maintained once updates become continuous, heterogeneous, and
temporally consequential:

Which data-quality issues arise in a continuously evolving KG, and what evidence is required to
detect, explain, and prioritize them under limited verification budgets?

To make this challenge space explicit, we distinguish four recurring dimensions of quality
assessment in evolving KGs. The first is the data source dimension (D1): when sources change,
disagree, or drift in coverage and reliability, source selection alone no longer guarantees the quality
of the resulting KG (E1: a paper retracted in 2024 was the original evidence for the 2019 assertion).
The second is the reliability dimension (D2): validation cannot be reduced to a one-time release
check, because previously accepted assertions may become incorrect, unsupported, or inconsistent
after later updates (E2: checking for plays-for(A, Teaml) only at ingestion misses the 2024
transfer). The third is the temporal dimension (D3): many assertions are meaningful only relative
to a validity interval, and quality depends on whether the KG records not only what is asserted,
but also when it held and was observed (E1, E2, E3 all require validity intervals). The fourth is
the utility dimension (D4): with realistic budgets, not every assertion can be re-verified after
each change, so systems must prioritize verification effort and assess the risk of deferring it (E3:
thousands of dependent updates compete for a fixed annotation budget).
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The four dimensions partition the origin of quality issues (source, reliability, temporal) from the
constraint on the response (utility), and they encode the requirements: R1 records along source,
temporal, and (partial) reliability; R2 reads them to issue judgments; R3 imposes the utility constraint
on R1 and R2. The rest of the paper discusses the open challenges that this framing exposes.

2 Open Challenges

Realizing the three requirements along the four dimensions raises five interrelated challenges.

C1: Data and metadata management at scale. Explicit provenance, evidence, and temporal
validity increase the volume of metadata and intermediate artifacts that must be stored, indexed,
and kept up to date — potentially shifting cost from “verification” to “metadata freshness”. This
is not hypothetical: large, collaborative — and possibly interlinked — KGs are updated at high
rates and accumulate massive histories, and practical systems already expose the tension between
update throughput and metadata handling [27, 30]. At the same time, keeping multiple KG versions
leads to well-known scalability issues in RDF archiving: naive version storage does not scale, and
snapshot-delta strategies must balance ingestion time, storage size, and query performance [3, 11].
C1 maps to requirements R1, R3, and dimensions D1, D3.

C2: Heterogeneity of temporal semantics and update regimes. Time-aware KGs include at
least two distinct objectives — modeling validity periods of facts and ensuring traceability of how and
why facts changed — and the literature uses terms such as dynamic or temporal inconsistently [20].
Moreover, KGs span extremes in update cadence, from continuously synchronized extractions to
stream-like settings. A practical quality discussion must therefore be explicit about which scenario
is targeted (continuously updated releases, time-stamped facts, or both) and which assumptions
are made about time granularity [18]. C2 maps to requirements R1, R2, and dimension D3.

C3: Representation and querying complexity. Attaching temporal validity and evidence at
statement level introduces trade-offs in granularity, compression of unchanged facts, and indexing
of time intervals. While work on temporal formalisms (e.g., temporal description logics [1]) and on
temporal RDF models [14] provides conceptual foundations, engineering scalable representations
without losing queryability remains non-trivial [3]. C3 maps to requirements R1, R2, and dimensions
D2, D3.

C4: Limits of automated reliability testing. Constraint languages such as SHACL support
systematic validation of RDF graphs, but they primarily capture structural and constraint-based
checks; subtle semantic errors and temporal incoherencies may escape automated suites unless
temporal constraints and domain semantics are made explicit and testable. At the same time, KGs
may also evolve at the schema level. Designing “release tests” that combine constraint validation
with temporal coherence across both instance and schema evolution remains largely open [27]. C4
maps to requirement R2 and dimension D2.

C5: Change-rate classification and adaptation. Operationally, deciding what to re-verify
when depends on assumptions about how facts evolve; yet in real domains, change dynamics
may shift, and misclassification can produce either staleness (under-verification) or wasted effort
(over-verification). Detecting and correcting such misclassifications requires feedback signals from
both history and validation outcomes, under realistic storage and ingestion constraints [26]. C5
maps to requirement R3 and dimension D4.

Overall, KG quality in evolving settings is an ongoing operational problem rather than a one-time
engineering step. As KGs become infrastructure for applications that require time-sensitive and
evidence-grounded reasoning [19, 28], and the interplay between KGs and LLMs gains promi-
nence [24], the need grows for quality perspectives that jointly consider provenance, temporal
validity, reproducible validation, and cost constraints. The five challenges therefore outline a
research agenda whose priorities follow directly from them: C1-C3 call for temporally indexed,
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version-aware RDF stores that expose statement-level provenance with limited maintenance over-
head [3, 11]; C4 calls for constraint frameworks extending SHACL with temporal coherence and
domain-specific predicates, complemented by budget-aware, human-in-the-loop quality estimation
with statistical guarantees on evolving releases [13]; C5 calls for change-rate models learned from
validation history and edit logs [26, 30] that trigger targeted re-verification within explicit budgets.
Treating these directions jointly, rather than as separate solutions, is the framing we envision:
a quality discipline that records what is needed to judge (R1), evaluates judgments against the
appropriate context (R2), and rations verification under realistic budgets (R3), composing across
the four dimensions of quality assessment.
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