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ABSTRACT

Knowledge Graph (KG) accuracy assessment is essential for ensur-
ing data quality in downstream applications, yet remains prohibi-
tively expensive due to annotation costs and scale. Large Language
Models (LLMs), trained on vast corpora, offer cheap fact valida-
tion but remain unreliable as direct accuracy estimators due to
hallucinations and knowledge gaps. We propose a novel approach
that exploits LLM capabilities without relying on their correct-
ness: using aggregated LLM predictions as stratification signals
for sampling-based accuracy estimation. By partitioning KGs into
internally homogeneous strata guided by aggregated LLM outputs,
we achieve statistically significant cost reductions ranging from 11%
to 54% over unstratified and topology-based baselines on real-world
KGs. To scale beyond LLM computational constraints, we introduce
a knowledge distillation strategy that transfers stratification signals
to efficient student models, requiring annotation of only 0.25% of
facts while maintaining signal quality. Experiments on six KGs
spanning 20M+ triples demonstrate consistent improvements over
SotA methods, with statistical guarantees on accuracy estimates.
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1 INTRODUCTION

Large-scale Knowledge Graphs (KGs), such as Wikidata [46], DB-
pedia [2], YAGO [20], and NELL [33], have emerged as core infras-
tructural components underpinning a wide range of academic and
industrial systems [25]. These systems span diverse application do-
mains, including digital assistants and web search [24, 34], as well as
recommender systems and question answering platforms [40, 41],
all of which depend on the accuracy and integrity of the underly-
ing KGs. Nonetheless, the systematic assessment and assurance of
KG quality remain comparatively underexplored in both research
and operational settings. This gap is particularly critical because
inaccuracies in KGs directly degrade user experience and compro-
mise system reliability, as evidenced by systems such as Saga [25],
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which explicitly emphasize on-demand KG accuracy evaluation as
a prerequisite for delivering trustworthy results.

KGs accuracy and reliability are undermined by incorrect as-
sertions, logical inconsistencies, and sparse data [14, 39], which
increase misinformation risk [31]. These problems also degrade
KG embeddings - the core of modern recommendation and search
systems [24, 34] — which are highly noise-sensitive and perform
poorly when trained on noisy data [39]. Because these quality issues
undermine data integrity and application performance, systematic
KG accuracy assessment is vital for informed deployment decisions
in direct and downstream use cases.

Assessing KG accuracy requires assigning correctness labels to
individual assertions, a task constrained by two fundamental chal-
lenges: annotation cost and scale. Manual labeling is prohibitively
expensive [35], making exhaustive evaluation infeasible for real-
world KGs containing hundreds of millions to billions of facts [17].
Recent work addresses these constraints by reformulating accuracy
assessment as a constrained optimization problem [17, 28, 29]: min-
imize annotation costs while maintaining statistical guarantees on
estimated accuracy. State of the Art (SotA) methods employ itera-
tive procedures combining sampling strategies, point estimators,
and (1—a) intervals to quantify uncertainty. Sampling design is the
critical component determining both efficiency and reliability of
accuracy estimation. Current approaches primarily leverage simple
random sampling and cluster sampling with promising results [17].

While a third strategy based on stratified sampling has been
identified as theoretically superior for reducing annotation costs,
existing methods do not employ it due to the challenge of construct-
ing effective strata [17, 28]. Stratified sampling divides the KG into
strata using informative signals to ensure consistency within each
partition. When stratification aligns with the feature of interest, it
yields reliable estimates from smaller samples than unstratified sam-
pling [10], reducing annotation costs. However, simple topology-
based signals produce mixed, inconclusive results [17, 28], showing
the need for more informative signals that approach theoretical
cost bounds. The key challenge is finding stratification signals that
capture the latent feature of interest - i.e., KG accuracy — which is
unknown a priori, thus making this task inherently difficult.

This work addresses this gap by proposing the use of Large
Language Models (LLMs) to generate stratification signals for KG
accuracy evaluation. LLMs have achieved near-human performance
across several tasks and offer practical advantages for fact valida-
tion: they can process textual evidence, identify logical inconsis-
tencies between claims and supporting documents, and access fac-
tual knowledge encoded in model parameters [37, 48, 49]. Hence,
by automating fact validation at scale, LLMs could enable cost-
effective evaluation of large-scale KGs. Yet LLMs suffer from well-
documented limitations: they generate hallucinations and unfaith-
ful responses [22], and exhibit systematic biases and knowledge
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gaps that undermine their reliability for fact validation [43]. In this
paper, we substantiate these limitations, showing that suboptimal
performance in fact verification leads to unreliable KG accuracy
estimates when derived directly from LLMs. To mitigate this is-
sue, we introduce a novel methodology: instead of tasking LLMs
with directly determining KG accuracy, we employ their outputs as
stratification signals within a sampling-based accuracy estimation
framework. This shift in role is central to our approach. To the
best of our knowledge, LLMs have not previously been employed
to support accuracy estimation in this specific way. By assigning
LLMs to the task of signal generation, while reserving ground-
truth annotation exclusively for human annotators, we exploit the
capacity of LLMs to identify patterns across assertions without
propagating their systematic errors into the final estimates. This
functional separation enables us to leverage the advantages of LLMs
while maintaining the unbiasedness and statistical validity of the
resulting accuracy estimators.

Contributions. The main contributions of this work are:

e An empirical analysis of the use of LLMs to assess KG ac-
curacy. We show that LLM-derived KG accuracy estimates
can deviate by up to 45% from true accuracy values. This
substantial error confirms that direct use of LLMs as anno-
tators is inadequate for reliable KG evaluation, motivating
a novel integration of LLMs into the evaluation pipeline.

e We propose using aggregated LLM predictions as strati-
fication signals, achieving up to 50% cost reduction over
topology-based and unstratified baselines on real-world
KGs. By combining multiple LLM outputs through soft ma-
jority voting, our approach mitigates individual model hal-
lucinations while producing internally homogeneous strata
that enable efficient sampling-based accuracy estimation.

e We introduce a signal distillation approach that enables
stratified evaluation of million- to billion-scale KGs by train-
ing efficient student models on only 0.25% of triples anno-
tated by LLMs. To date, this is the first use of distilled models
to approximate LLM-based signals for large-scale statistical
estimation. Experiments on 20M-triple KGs demonstrate
that distilled models achieve performance on par with their
LLM teachers at a fraction of the cost.

Outline. Section 2 introduces the evaluation framework. Sec-
tion 3 describes sampling and estimation techniques. Section 4
introduces the LLMs as stratification signals for KG accuracy eval-
uation. Section 5 presents the signal distillation strategy. Sections 6
and 7 detail the experimental setup and results. Section 8 reviews
related work, and Section 9 concludes and outlines future work.

2 BACKGROUND

Preliminaries. Following Bonifati et al. [4], we model KGs as
grounded RDF graphs G = (V, R, 1), where V = {E U L} is the
set of nodes (entities & and literals £), R the set of relationships,
and 1 : R = & X {& U L} maps each relationship to an ordered
node pair. This induces the ternary relation 7~ of triples (s, p, 0)
withs € &, p € R, and 0 € {E U L}; denoting the total number
of triples as M = |77|. Given 7, the entity cluster of e € & is

Gle] = {(s,p,0) € T | s = e}. The set of all entity clusters forms
the KG cluster family C.

Treating triples as first-class citizens of KGs, we redefine G =
(V,R, T,n) and focus solely on A-Box triples (extensional), ignor-
ing T-Box triples (intensional). Thus, each triple represents a factual
assertion, and we use the terms triple and fact interchangeably.

KG Accuracy Evaluation. To evaluate KG accuracy, we define
the correctness of a triple ¢ € 7 via an indicator function 1(t),
where 1(t) = 1if ¢t is correct and 0 otherwise. The KG accuracy is
then the proportion of correct triples, 7, in G:
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where 1(¢) is obtained through manual or automatic annotation.

Given its importance, KG accuracy is mainly evaluated via man-
ual annotation, which provides reliable ground truth but is costly
and time-consuming. Therefore, accuracy is usually estimated from
a smaller, representative sample drawn with an unbiased sampling
strategy S. This enables computing an unbiased estimator /1 with
E[fi] = p over the sample g C 7, along with its (1 — «) interval
to quantify sampling uncertainty.

Building on this, prior work [17, 29] formulates KG accuracy
evaluation as a constrained minimization problem. Let cost(7s)
denote the manual validation cost of the sample, and let Margin of
Error (MoE) be half the width of the 1 — « interval.

Problem. KG accuracy evaluation:
mingnize cost(7s)
subjectto E[fi] = 4, MoE < ¢

Here, ¢ sets the upper bound on the MoE and acts as the stopping
criterion. As the sample size ng = |7g| increases, the interval width
(MOE) decreases, reaching zero when ng ~ M. However, larger
samples increase cost(7g) due to manual validation. The objective
is thus to identify the smallest sample such that MoE < «.

Evaluation Framework. The minimization problem is solved
with an iterative four-step framework. In the first step, a small
batch of triples is sampled from the KG using a strategy S. In the
second step, these triples are manually annotated and merged with
previous annotations. In the third step, the accumulated sample
is used to compute the unbiased estimate 1 and its 1 — « interval.
In the fourth step, the stopping condition MoE < ¢ is checked. If
satisfied, the process returns j and its interval; otherwise, it restarts
from the first step. This iterative design limits oversampling and
annotation cost while ensuring accurate estimates.

Within this framework, the sampling strategy is central, as the
sample 7g directly affects the annotation cost. Our work therefore
focuses on improving sampling effectiveness. We review current
SotA sampling and estimation methods [17, 29] and show how
stratified sampling can further reduce costs.

Gao et al. [17] showed that ideal (oracle) stratification can dras-
tically reduce costs over existing SotA strategies. However, they
found that simple topology-based stratification yields mixed, incon-
clusive results, highlighting the need for more informative signals
to approach ideal costs.



3 SAMPLING AND ESTIMATION: SOTA

Current KG accuracy evaluation methods move beyond simple ran-
dom sampling to more cost-effective cluster-based strategies [17,
28]. Recently, confidence intervals have also been replaced with
credible intervals to provide a more efficient and interpretable quan-
tification of sampling uncertainty [29]. We first outline cluster-
based sampling — the current SotA baseline — and then introduce
credible intervals, which we use to ensure convergence.

Cluster Sampling. Among cluster-based methods [10], Two-
stage Weighted Cluster Sampling (TWCS) is the most cost-effective
unbiased approach [17, 28]. It works in two stages: (i) sample n¢
clusters with probability proportional to size, 7; = M;/M, where
M; = |Glei]l; (ii) from each selected cluster, sample min{M;, m}
triples uniformly without replacement. Thus, TWCS combines
weighted cluster sampling with second-stage SRS.

Point Estimation. Let ji; denote the estimated accuracy of the
i-th entity cluster, computed as the sample proportion:
in{M;,

e ) o

Hi= min{M;, m}
which is known to be an unbiased estimator [10]. When TWCS
is applied with a second-stage sample of approximate size m, the
unbiased estimator of the overall KG accuracy y is given by [10]:
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Interval Estimation. To quantify uncertainty, we adopt Bayesian
1—a Credible Intervals (Crls) [16]. Modeling annotation as Bin(n g, y1)
and assuming a conjugate Beta(a, b) prior [3], observing rg correct
triples yields the posterior distribution p|7g ~ Beta(a+tg,b+ng—
7s). In this framework, a 1 — a Crl is any interval (I, u) satisfying:

Pr(l <y <ulTg) = F(ulTg) ~F(ITg) =1-a  (4)

where F(:|7g) is the posterior Cumulative Distribution Function
(CDF). Among such intervals, the Highest Posterior Density (HPD)
interval is shortest and contains the highest posterior mass [32, 38].
HPD Crls thus provide direct probabilistic interpretation, express
precision via width, and capture the most credible parameter range,
making them well suited for KG accuracy evaluation [29].

4 STRATIFIED KG ACCURACY EVALUATION

Stratified sampling is a variance reduction technique [8, 10] that
can further improve the efficiency of KG accuracy evaluation. It is
effective when the stratification signal groups items into subpopu-
lations with relatively homogeneous elements, enabling variance
reduction. This reduction directly controls how quickly 1 — « inter-
vals shrink - since interval width depends on variance - thereby
speeding convergence of the optimization problem.

We next define an effective stratification model and explain the
limitations of existing approaches. We then present our solution, de-
tailing the LLM-driven stratification procedure, stratified sampling
strategy, and estimator, followed by an end-to-end overview of the
complete LLM-based stratified KG accuracy evaluation framework.

4.1 Stratification Model

Stratified sampling partitions the population into non-overlapping
strata based on features of interest, ensuring their representation.
When strata are internally homogeneous, precise estimates can
be derived from small samples within each stratum [10]. Poorly
aligned stratification signals, however, increase variance. Thus, the
effectiveness of stratification depends on how well the stratification
signal aligns with the target feature.

In KG accuracy evaluation, entity clusters are the natural anal-
ysis unit, since auditing triples within the same cluster G[e] is
cheaper than auditing across entities [17, 30]. We therefore stratify
at the cluster level, but cluster-level accuracy is unknown a priori,
so we need a proxy correlated with this latent feature. An ideal
stratification model yields strata with distinct expected accuracies
and low within-stratum variance, yet this is hard to design because
factual accuracy is complex and context-dependent [51]. To this
end, Gao et al. [17] proposed using topological properties (e.g., clus-
ter size) as stratification signals. In our experiments, we show the
limitations of this approach, attributing weak correlations to the
limited link between KG topology and semantic correctness [21, 52].
To address this gap, we introduce a semantics-aware approach that
leverages LLM-based correctness estimates for KG triples to derive
proxy measures of cluster-level accuracy.

4.2 LLMs as Stratification Signals

To use LLMs as stratification signals, we obtain LLM predictions for
triples and aggregate them to estimate cluster accuracies as proxies
for true accuracy, defining a prompt as a function of the triple.

Definition 1 (LLM prompt). Given a triple t, an LLM prompt is
a function prompt(t) that maps ¢ to a natural language template
suitable for LLM input to assess fact correctness.

We employ few-shot prompting with six KG-independent exam-
ples — three per label class — as this approach more effectively
preserves LLM factuality and mitigates hallucinations compared
to zero-shot or in-domain methods [43]. By KG-independent, we
mean examples that neither derive from nor overlap with the target
KG’s specific facts, but still fit its general theme. The same example
content can be reused across KGs, with its representation adapted
each time to the relevant schema and predicate conventions. We
design prompts to use only LLM parametric knowledge, without re-
trieval. This (1) ensures consistent triple evaluation despite variable
retrieval quality across contents and KG domains, and (2) isolates
LLM knowledge limits, clarifying whether poor stratification comes
from knowledge gaps or retrieval failures. For stratification, this suf-
fices: clusters only need consistent accuracy rankings, not perfect
validation. Parametric-only responses yield more reliable consis-
tency than retrieval-based methods, which can introduce biases
from retrieval success rather than true accuracy. Since triple cor-
rectness is framed as binary classification (cf. Section 2), we design
prompts that elicit binary LLM responses, effectively treating the
LLM as an automated indicator function.!

Definition 2 (LLM indicator function). Given a triple t and
its corresponding prompt(t), the LLM is defined as an indicator

! The template prompts and corresponding few-shot examples are provided in the
online repository for space reasons.



function LLM(prompt(t)) that outputs 1 if the triple is deemed
correct and 0 otherwise.

This lets us redefine cluster-level accuracy using LLM instead of
human annotations by replacing the indicator 1(-) with LLM(-).

Definition 3 (LLM-derived cluster accuracy). Given an entity
cluster G[e] with M, triples, the LLM-derived cluster accuracy is:

. 2 teGle] LLM(prompt(t))
Heluim = M, ®)

This provides a stratification signal for partitioning the KG. The
closer LLM-derived predictions match true triple correctness, the
better this signal approximates cluster-level accuracy, yielding more
homogeneous strata and more cost-effective evaluation.

Individual LLMs differ in factual accuracy, reasoning, and hallu-
cination rates, adding noise to their predictions. To reduce these
model-specific biases, we use an ensemble aggregation strategy
instead of single-model judgments. Among crowdsourcing and
ensemble-learning methods, soft majority voting offers a princi-
pled balance between noise reduction and uncertainty preserva-
tion [1, 23]. Unlike hard voting schemes that discard minority
opinions, soft voting retains information about inter-model dis-
agreement — a signal itself informative for stratification. Values
near 0.5 reflect genuine disagreement and indicate triples that lack
consensus, while values near 0 or 1 reflect strong agreement.

Definition 4 (LLM-aggregated triple score). For a triple t and a
set of models A = {LLMy, ...,LLMy}, the aggregated score is:

k .
agg(t) = e LLMl](Cprompt(t)) ©

where LLM; (prompt(t)) € {0, 1} is the prediction of model LLM;.

We see that for each triple, we aggregate binary predictions from
all LLMs using soft majority voting: each model contributes a bi-
nary prediction (1 for correct, 0 for incorrect), and the aggregated
score is the mean of these votes. Note that this ensemble aggrega-
tion strategy is orthogonal to the specific choice of LLMs. That is,
individual models in the ensemble can be replaced or upgraded as
better LLMs become available, without requiring changes to the
underlying methodology. As a result, advances in LLMs quality
directly translate into more reliable aggregate signals.

Definition 5 (LLM-aggregated cluster score). For an entity
cluster G[e] with M, triples, the LLM-aggregated cluster score is
the mean of its triple-level LLM-aggregated scores:

N Yregle] 288(1)
Helagg = e;/[—e ()

This formulation preserves signals from inter-model disagree-
ment, improving robustness on boundary cases and providing more
informative guidance under prediction uncertainty.

4.3 Stratification and Sampling Procedures

Stratification partitions the KG into non-overlapping subsets of
entity clusters. Specifically, it divides the cluster population C into
Q strata based on informative signals, aiming to reduce estimator

variance by decreasing intra-stratum heterogeneity while preserv-
ing inter-stratum differences [10]. In our setting, where stratifica-
tion signal is a proxy for true cluster accuracy, variance reduction
increases with the strength of its alignment with the true accuracy.

To implement this, we use the Cumulative Square Root of Fre-
quency (CSRF) method [12], adopted in prior work for its strong
theoretical foundation [17, 28], leveraging LLM-aggregated cluster
scores as the guiding stratification signal. CSRF partitions the proxy
scores according to cumulative square-root frequencies, forming
strata that adapt to the empirical distribution of the signal: dense
score regions are subdivided more finely, while sparse regions are
grouped more coarsely. This process groups clusters with similar
proxy scores and separates those with different ones. When the
proxy correlates well with true cluster accuracy, this alignment
reduces intra-stratum variance in the target quantity, thereby de-
creasing the variance of the stratified estimator — and, in turn, the
MokE. Given the cluster scores, CSRF attempts to create exactly Q
strata, returning fewer if required by the data distribution.

Proxy signals can create degenerate strata with (near) zero vari-
ance when multiple clusters receive almost identical scores. This
over-stratification reflects misalignment between the proxy and the
latent target (true cluster accuracy): separating such strata does not
reduce intra-stratum variance, as they mostly capture noise and
yield small, unstable partitions. We address this with an adaptive
merging step that folds zero-variance strata into their nearest neigh-
bors (by signal proximity), preserving meaningful signal structure
while avoiding unnecessary fragmentation and producing strata
that better match the underlying target distribution.

We empirically validated the LLM-based stratification and merg-
ing through an ablation study and variance analysis, confirming
that both reduce variance and annotation costs. Detailed results are
available in the online repository.

We use stratified cluster sampling to draw annotation batches
from the Q strata. We adopt proportional allocation [10], draw-
ing clusters from each stratum in proportion to its share of KG
triples (the sampling units). Within each stratum ¢, we then apply a
Stratified TWCS (STWCS) design: TWCS with second-stage sample
size m. Proportional allocation gives all KG triples equal selection
probability, so STWCS is an unbiased Equal Probability of Selec-
tion Method (EPSEM) design [10]. In other words, STWCS ensures
that the collected samples are representative of the underlying
population, thereby preserving the KG label distribution.

Finally, let &4 denote the set of Ny subject entities in stratum g,
Cq = {Gle] | e € &4} the corresponding family of entity clusters,

and My = Zi\iql M; the total number of triples contained in the
stratum. Defining the stratum weight as Wy = My /M, the unbiased
estimator of the KG accuracy p under STWCS is given by [10]:

Qo
Bistwes = Z Wqﬁq ®)
g=1
where [Jq is the unbiased accuracy estimate for stratum g, obtained
under TWCS (cf. Equation (3)).

4.4 Stratified Evaluation Framework

Figure 1 illustrates how the evaluation framework from Section 2 is
instantiated through LLM-guided stratified sampling. The pipeline
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Figure 1: LLM-based stratified KG accuracy evaluation framework.

comprises five phases driven by LLM-derived signals. In phase @),
LLM-aggregated triple scores are computed and aggregated at the
cluster level, yielding proxy signals for true cluster accuracy. In
phase @, these signals guide the stratification step, partitioning KG
clusters into strata that reflect the structure induced by the LLM
scores. In phase @), a batch of triples is sampled from the resulting
strata via STWCS. In phase @, manual annotations are obtained for
sampled triples and merged with existing annotations. Finally, in
phase @, an unbiased point estimator computes fi, the KG accuracy
estimate, and an interval estimator builds a 1-a HPD CrI to quantify
sampling uncertainty. If MoE < ¢, the process terminates and
reports the accuracy estimate with its 1 — a Cr; otherwise, it loops
back to @), progressively increasing the estimation precision until
the target condition (MoE < ¢) is satisfied.

The framework can be expressed as a unified algorithm that
combines all components needed for efficient, reliable KG accuracy
estimation. Algorithm 1 takes as input the KG triples 77, a set of
LLM models A, the number of strata Q, the significance level a,
the MoE threshold ¢, and the second-stage sample size m. It outputs
the estimated KG accuracy j and its 1 — a HPD CrI (L, u). The
algorithm is organized around the five phases of the LLM-based
stratified evaluation framework (cf. Figure 1). The first two phases
focus on stratification, while the remaining three implement the
iterative stratified sampling and estimation procedure.

Phase @ (lines 1-11): This phase builds the stratification model
by generating LLM-derived signals at both triple and cluster levels.
For each triple t € 7, binary correctness predictions are obtained
from all LLM models in A (lines 3-5), and aggregated via soft ma-
jority voting (line 6) as specified in Equation (6). KG entity clusters
C are then derived by grouping triples according to their subject en-
tity (line 8). For each cluster G|e] € C, the LLM-aggregated cluster
SCOTe [lg|a0s Is computed as the mean of its constituent triple-level
scores (line 10), following Equation (7).

Phase @ (lines 12-16): This phase conducts KG stratification.
Using the CSRF method, the KG cluster family C is partitioned
into up to Q strata based on the LLM-aggregated cluster scores
(line 13), yielding the KG partition # = {Cy,...,Cp}. Any zero-
variance strata are merged with their nearest neighbors (line 14)
to prevent over-stratification and ensure variance reduction. This
merging procedure applies only to LLM-derived signals, not oracle
signals. This asymmetry reflects a key difference: zero-variance
strata in LLM signals can arise from systematic bias (overfitting) or

Algorithm 1 LLM-based Stratified KG Accuracy Evaluation

Input:

KG triples T

LLM models A = {LLMy, ..., LLMg };

Desired number of strata Q;

Significance level a;

MOoE threshold &;

Second-stage sample size m.
Output: Estimated KG accuracy jI with 1 — o HPD interval (I, u).
1: // Phase o: LLM signal generation (stratification model)
2: foreacht € 7 do > LLM-aggregated triple score
3 for each LLM; € A do
4 pred; (¢) «LLM; (prompt(¢))
5: end for
6
7
8
9

agg(t) « % Zi.‘:l pred; (t) > Triple score (Eq. 6)
: end for
: C—{Gle]l | A(s,p,0) € T:s=e}
: for each G[e] € C do
10: /}e\agg — ﬁe ZtEQ[e] agg(t)
11: end for
12: // Phase o: LLM-driven KG stratification
13 P = {Cp,...., Co} —CSRF({(Gel, fiyuge) }» )
14: P «merge any zero-variance strata with nearest neighbors
15: Q « |P| > Final number of strata
16: Wy «—My/MVqe{1,...,0} > Compute strata weights
17: // Phases o-e: Iterative stratified sampling and estimation
18: Qq «—0Vqe{1,...,0} > Strata sample initialization
19: forg=1to Q do > Warmup: sample batch from all strata
20: B «—TWCS(Cy, m) > Batch of facts from stratum g
21: Qq —QqU1(8) > Update sample w/ new annotations
22: end for
23: MoE «1
24: while MoE > ¢ do
25: Choose g ~ Cat(W1, ..., Wp)
26: B «—TWCS(Cy, m)
27: Qq —QqU1L(8B)
28: forg=1to Q do
29: Bg < Prwes (Qq)
30: end for
3t e jistwes ({(2g Wq)}qQ:I
3. (Lu) <—HPD(UqQ:1 Qg @)
33: MoE «— (u—-1)/2
34: end while
35: return f1, (I,u)

> Derive KG cluster family
> LLM-aggregated cluster score
> Cluster score (Eq. 7)

> Stratify C

> Constraint initialization

> Iterative procedure

> Proportional allocation

> Batch of facts from stratum q

> Update sample w/ new annotations

> Estimate stratum g accuracy (Eq. 3)

> Estimate KG accuracy (Eq. 8)

> Compute 1 — a HPD Crl
> Update margin of error

hallucinations, whereas zero-variance strata in oracle signals mark
semantically homogeneous clusters. Merging LLM zero-variance
strata therefore helps recover coherent groupings lost to model
distortions. The final number of strata Q is updated (line 15), and
the stratum weights Wy are determined as the fraction of triples
within each stratum (line 16).



Phases @-@ (lines 17-34): These phases perform iterative
stratified sampling and estimation. Stratum-specific sample sets
Qg are initialized (line 18), then a warmup step ensures coverage
of all strata (lines 19-22): an initial batch of triples is sampled
from each stratum via TWCS (line 20) and annotated (line 21).
The MoE is set to 1 (line 23), and sampling and estimation repeat
until it drops below ¢ (lines 24-34). In each iteration, a stratum q is
drawn from a categorical distribution over stratum weights (line 25),
enforcing proportional allocation. A batch of m triples is sampled
from that stratum via TWCS (line 26), annotated, and added to
Qq (line 27). Accuracy is then estimated per stratum (lines 28-30)
using Equation (3), and the overall KG accuracy ji is computed as
the weighted sum of stratum estimates (line 31) via Equation (8).
Finally, the 1 — & HPD CrlI (/, u) is obtained from pooled samples
across strata (line 32), and the MoE is updated (line 33).

Upon convergence, the algorithm returns the final KG accuracy
estimate ji and the corresponding 1 — « interval (/,u) (line 35).

5 SCALING LLMS: SIGNAL DISTILLATION

The presented stratified KG accuracy evaluation framework relies
on LLMs to generate correctness signals for the entire KG. How-
ever, typical KGs contain hundreds of millions to billions of triples,
making comprehensive LLM-based annotation computationally
prohibitive and economically infeasible. To address scalability, in
this section we propose a signal distillation strategy that transfers
LLM capabilities to smaller, efficient models capable of annotating
entire KGs at a fraction of the cost. Section 5.1 introduces knowl-
edge distillation and formalizes our distillation procedure, while
Section 5.2 discusses alternative scaling strategies.

5.1 Distilling LLM Signals

Knowledge distillation is a model compression technique that trans-
fers knowledge from a large, complex teacher model to a smaller,
efficient student model [6, 19]. The student model is trained not to
match ground-truth labels, but to replicate the predictions of the
more capable teacher, thereby preserving learned representations
in a compact form suitable for large-scale deployment.

Knowledge distillation transfers LLM-derived stratification sig-
nals to smaller, locally deployable models [50]. Since LLMs incur
high API costs, entail vendor dependency, and restrict offline de-
ployment, distillation enables cost-effective and privacy-preserving
signal generation for million- to billion-scale KGs.

Two primary distillation approaches exist: hard-target and soft-
target distillation [6, 19]. Hard-target distillation [6] uses only the
final predicted labels from the teacher, while soft-target distilla-
tion [19] transfers intermediate representations (probability distri-
butions) containing richer information about class relationships.
Although soft-target distillation generally yields superior perfor-
mance with full model access, hard-target distillation is more prac-
tical for cloud-based LLM APIs where intermediate representations
are often inaccessible. We adopt hard-target distillation to ensure
our framework remains agnostic to underlying LLM architectures
and can seamlessly integrate with any LLM provider.

Based on this, we now formalize the distillation procedure. The
process begins by constructing a representative training dataset
using LLM annotations on a sampled subset of KG triples.

Definition 6 (Distillation training set). For a KG with ternary
relation 77, a distillation training set D = {(;, y;) }:lfl is a collection
of ng sampled triples paired with their corresponding LLM predic-
tions, where ¢; € 7 and y; = LLM(prompt(t;)) € {0, 1} represents
the binary correctness assessment.

The representativeness of D is essential for training distilled
models that can effectively generalize across the full KG. Because
our goal is to obtain a representative sample of the KG at the triple
level, we apply simple random sampling to select ng triples uni-
formly at random from 77, so that every triple has the same chance
of being included [10]. After D has been constructed and anno-
tated, we train a student model via standard supervised learning
to minimize a loss function over D, resulting in a computationally
efficient surrogate for the LLM teacher.

Definition 7 (Distilled indicator function). Given a triple ¢, the
distilled model is an indicator function distill-LLM(¢) : 7~ — {0, 1}
that outputs 1 if ¢ is predicted correct and 0 otherwise.

The distilled model can directly replace the LLM within the
stratified evaluation framework to predict triple-level correctness
and derive cluster accuracy scores (cf. Definition 3).

To enhance robustness, we mirror multi-LLM aggregation by ex-
tending distillation to multiple teachers. Given a set of k LLM mod-
els A = {LLMy,...,LLM}, we construct k distillation training sets
{D;,..., Dy}, where each D; is annotated by LLM;. Training sep-
arate student models on each D; yields an ensemble {distill-LLMj,
..., distill-LLMy }. Distilled predictions are then aggregated using
soft majority voting to compute triple-level scores (Equation (6)),
which are averaged within entity clusters to obtain distill-LLM-
aggregated cluster scores (Equation (7)).

Crucially, distilled models incur negligible inference costs, run
locally without API dependencies, and enable offline workflows,
thus making stratified evaluation of large-scale KGs practical where
LLMs alone are infeasible.

5.2 Alternative Scaling Strategies

We investigated clustering-based stratification as an alternative:
the intuition was that if clusters exhibited homogeneous accuracy
within domains (e.g., biology, politics), annotating representative
samples per cluster could yield signals generalizable to entire clus-
ters. However, this approach failed to improve cost over distillation,
and we omit technicalities in favor of reporting high-level insights.

First, we tested clustering strategies working directly on the
graph structure, with the rationale that clusters encompassing
tightly connected subgraphs would exhibit homogeneous accu-
racy. We tested both k-center clustering [9] and spectral clustering.
Neither approach resulted in significant benefits, as KG topology is
often quite sparse and thus does not result in meaningful clusters.

Alternatively, we tested whether subjects with high Jaccard simi-
larity — computed over related objects or related predicates — would
cluster into semantic domains with homogeneous accuracy. How-
ever, object-based similarity produced near-zero Jaccard scores due
to KG sparsity, while predicate-based similarity formed coherent
clusters but provided no accuracy signal. This suggests that struc-
tural features cannot be used effectively unless KG data are dense
and free of topology-agnostic noise - i.e., random errors that do



Table 1: Statistics for NELL, DBPEDIA, FACTBENCH, and
YAGO-{HQ, MQ, LQ} datasets.

Dataset Triples  Clusters Avg. cluster size Accuracy (p) Skewness
NELL 1,860 817 2.28+1.49 0.91 —2.94
DBPEDIA 9,344 2,936 3.18+£1.74 0.85 -1.97
FACTBENCH 4,219 1,157 3.65+4.24 0.28 +0.96
YAGO-HQ 20,433,311 4,391,886 4.65%+3.96 0.75 -1.15
YAGO-MQ 20,433,311 4,293,627 4.76+3.86 0.50 0.00
YAGO-LQ 20,433,311 4,219,391 4.84+3.78 0.25 +1.15

not follow underlying KG patterns — a condition rarely met, espe-
cially in large-scale benchmarks that rely on random error injection
in the absence of real ground-truth. As a result, assumptions of
domain-specific accuracy homogeneity often fail. These findings
reinforce that semantic signals (e.g., LLMs), rather than structural
similarity, are essential for effective stratification, as they remain
robust to sparsity and noise injection and can generalize to any KG.

6 EXPERIMENTAL SETUP

We report the datasets, stratification and distillation settings, sam-
pling strategies, interval estimators, evaluation metrics, and com-
putational resources used in our experiments.

Datasets. We evaluate on three real-world and three synthetic
datasets, summarized in Table 1.

Real-world benchmarks: NELL [35] contains sports facts with
crowdsourced annotations (¢ = 0.91). DBPEDIA [30] samples di-
verse topics from DBpedia [2], annotated by layman workers with
expert quality control (1 = 0.85). FACTBENCH [18] is a controlled
benchmark with synthetically generated errors via multiple cor-
ruption strategies (u = 0.28).

Synthetic large-scale benchmarks: we corrupted YAGO 4.5 triples
[42] by entity substitution (same type, semantically incorrect). This
yields three 20M-triple datasets with controlled accuracy: YAGO-
HQ (1 = 0.75), YAGO-MQ (¢ = 0.50), YAGO-LQ (i = 0.25).

In realistic KG accuracy evaluation settings, label distributions
are often highly imbalanced, with correct triples vastly outnum-
bering incorrect ones. We therefore report in Table 1 the skewness
of each dataset label distribution. Following Bulmer [7], distribu-
tions with skewness less than —1 or greater than +1 are consid-
ered highly skewed; values between [—1,—-0.5) or (0.5, 1] indicate
moderate skewness; and values in [—0.5, 0.5] indicate approximate
symmetry. As shown in Table 1, three of the six datasets exhibit
highly skewed label distributions toward the positive class (i.e.,
left skewness < —1), with NELL and DBPEDIA - both real-world
benchmarks - exceeding the threshold by factors of three and two,
respectively. On the other hand, FACTBENCH and YAGO-LQ dis-
play moderate (+0.96) and high (+1.15) right skewness, respectively,
reflecting scenarios with significant instrumental or systematic
noise in KG construction. Finally, YAGO-MQ is approximately sym-
metric (skewness = 0.00). Overall, the considered datasets span
all skewness regimes, with particular emphasis on realistic, highly
positive-skewed settings.

Stratification. We employ multiple stratification signals. First,
we include a topological baseline using the size of entity clus-
ters, as proposed by Gao et al. [17]. Second, we incorporate four
open-source LLMs from different families and of varying sizes: co-
here [11] (Cohere-command-r-08-2024, 32B parameters), deepseek-
v3 [13] (DeepSeek-V3-0324, 685B parameters), llama3.1-8b-it [44]
(Llama-3.1-8B, 8B parameters), and mistral-nemo [45] (Mistral-
Nemo, 12B parameters). These LLMs also serve as inputs to our ag-
gregation strategy, llm-agg. Leveraging open-source LLMs enables
reproducibility and deployment in privacy-sensitive settings, while
their heterogeneity — both family- and size-wise — enhances aggre-
gation robustness. We also consider a random baseline in which
triples are labeled correct/incorrect with 0.5 probability. These ran-
dom predictions are used to compute cluster accuracy scores as
with LLMs. Comparing stratified solutions against the random base-
line reveals the effectiveness of each stratification signal for KG
accuracy evaluation. Finally, we use ground-truth annotations to
compute true cluster accuracies, which serve as an oracle stratifica-
tion signal. Although unattainable in practice, the oracle provides
a reference lower bound that helps quantify how well each proxy
signal approximates ideal stratification.

Prior work suggests partitioning the KG into a small number of
strata Q € {2,...,10} to ensure sufficiently large stratum sizes [17,
28, 30]. Hence, we set 10 as the upper bound on the number of
strata and use it as input parameter for CSRF.?

Distillation. To scale to large KGs, we draw a simple random
sample of 50K triples from each of YAGO-{HQ, MQ, LQ}, yielding
representative subsets of the KGs. We then derive the distillation
training sets {D; }izl by pairing the sampled triples with the anno-
tations made by each of the four considered LLMs. This way, each
LLM annotates no more than 0.25% of the triples in a given KG.

To distill stratification signals, we train one BERT model (bert-
base-uncased) per training set following standard settings [15]: 2
epochs, batch size 16, and learning rate 5e—5. We denote distilled
models as distill-{LLM} and their aggregation as distill-llm-agg,.

Sampling Strategies. We use TWCS as the reference SotA base-
line and apply STWCS to the strata produced by each stratification
signal. Following the recommendation of Gao et al. [17], we set the
second-stage size of TWCS and STWCS to m = 3 for all KGs, as
they exhibit small cluster sizes (see Table 1).

Interval Estimation. We build 1 — & Crls using the adaptive
HPD (aHPD) algorithm [29], the current SotA. agHPD simultane-
ously evaluates multiple priors to produce competing 1 — « HPD
intervals and selects the most efficient solution without requiring
a prior to be fixed in advance. Consistently with the literature,
we use three uninformative priors — Kerman Beta(%, %) Jeffreys
Beta( % %) and Uniform Beta(1, 1) — and apply design effect adjust-
ments for complex sampling designs [26].

Evaluation Metrics. To measure how effectively LLMs assess
facts, we use Sensitivity (Sens), the proportion of true positives cor-
rectly predicted; Specificity (Spec), the proportion of true negatives

2When using the oracle stratification signal, we do not merge zero-variance strata
with their nearest neighbors.



Table 2: Microsoft Azure model pricing. Costs are divided be-
tween input and output tokens, and reported per 1K tokens.

LLM Pricing (1K tokens)

cohere deepseek-v3  llama3.1-8b-it  mistral-nemo

$0.00114 $0.00030 $0.00015
$0.00456 $0.00061 $0.00015

Input $0.00015
Output  $0.00060

correctly predicted; and Macro F1 (MaF1), an aggregate perfor-
mance metric robust to class imbalance. Ground truth labels come
from the manual (and synthetic) annotations for each dataset.

To evaluate whether a stratification signal reliably approximates
cluster accuracy (the latent feature), we use Spearman’s rank cor-
relation (p) and the coefficient of determination (R?). Spearman’s
p quantifies the monotonic relationship between the proxy and
true cluster accuracies. R? measures the proportion of variance
in cluster accuracies explained by the stratification signal. An R?
of 1 indicates perfect separation (i.e., clusters within a stratum
have identical accuracy), while 0 indicates no explanatory power.
Together, Spearman’s p captures how well the signal tracks accu-
racy, whereas R? captures how well it partitions clusters — jointly
characterizing the cost-effectiveness of the stratification.

To assess the effectiveness of the stratified evaluation framework,
we set the significance level to the standard value a = 0.05 and the
upper bound for the MoE to ¢ = 0.05, as done in [17, 28, 29]. Per-
formance is measured using two metrics: the number of annotated
triples and the annotation cost (in hours). The latter follows the
cost model by Gao et al. [17], which distinguishes entity identifi-
cation from fact verification: cost(7g) = |Eg| - c1 + |Tg| - c2. Here,
c1 and cy are the average time (in hours) for entity identification
and fact verification, respectively. As in prior work [17, 28, 29], we
set ¢; = 0.0125 and ¢z = 0.0069. Note that this cost model cap-
tures only human annotation time, which constitutes the online
and time-critical component of the evaluation pipeline, whereas
LLM annotations for stratification are executed offline in batch
mode and thus do not affect the effective turnaround time of KG
accuracy estimation. Results are reported once MoE < 0.05, so
interval widths are omitted. Accuracy estimates are reported only
for the proposed llm-agg strategy, as it serves as the reference point
for comparison with LLMs used as direct accuracy estimators. We
omit the estimates for the other sampling-based strategies, since
all methods yield unbiased estimates with minimal deviation from
ground truth upon convergence. Interest readers can find the full
set of accuracy estimates for all sampling-based strategies in the
online repository. To account for sampling variability, we repeat
the evaluation procedure 1, 000 times and report mean and standard
deviation for both annotation (cost) metrics.

Computational Resources. All methods were implemented in
Python 3. For LLMs, we used Microsoft Azure services;> input and
output costs per 1K tokens for each model are reported in Table 2
(in $). Distilled models and evaluation were trained and run on a
shared in-house Linux machine with an Intel Xeon Gold 6140M
CPU @ 2.30GHz, 1.5TB RAM, and 2 NVIDIA A40 GPUs.

3https://ai.azure.com/

Table 3: LLM performance on fact validation, measured by
Sensitivity (Sens), Specificity (Spec), and Macro F1 (MaF1)
across NELL, DBPEDIA, and FACTBENCH datasets.

NELL | DBPEDIA | FACTBENCH
©=0091 | u=0.85 | 1=0.28
LLM Sens Spec MaF1 ‘ Sens Spec MaF1 ‘ Sens Spec MaF1
cohere 088 057 0.66 062 071 055 0.78 0382 0.77

deepseek-v3  0.82 0.65 0.62 052 0.82 051 0.69 094 083
llama3.1-8b-it 0.91 043 0.64 075 043 055 0.70 0.77 0.71
mistral-nemo  0.72 0.78 0.58 052 0.72 049 046 0.93 0.72

7 EXPERIMENTAL RESULTS

Our experimental objectives are: (i) assess LLMs as direct accuracy
estimators; (ii) measure how well LLM-derived signals approximate
ground-truth stratification; (iii) compare the cost-effectiveness of
LLM stratification against SotA baselines; and (iv) validate that
signal distillation preserves stratification quality on large-scale KGs
while reducing inference costs.

7.1 Summary of the Experimental Findings

(F1) LLMs are unreliable direct accuracy estimators. LLM-
derived accuracy estimates deviate up to 45% from ground
truth (Sec. 7.2), justifying our stratification approach.

(F2) LLM-derived signals outperform topology-based strat-
ification. LLM signals correlate more strongly with true
cluster accuracy and explain more variance than topology-
based alternatives (Sec. 7.3).

(F3) Stratified evaluation with LLM signals achieves up
to 50% cost reduction. LLM-stratified sampling reduces
annotation costs compared to unstratified and topology-
based baselines across all datasets, with gains ranging from
11% (challenging) to 54% (high-accuracy KGs) (Sec. 7.4).

(F4) Distilled models preserve stratification quality at scale.
Distilled models retain LLM performance gains while re-
ducing inference costs to near-zero, enabling large-scale
evaluation (Sec. 7.5).

7.2 LLMs as Direct Accuracy Estimators

The performance of LLMs on fact validation are reported in Table 3.
We can see that LLM errors are strongly dataset-dependent. On
FACTBENCH, where incorrect triples are synthetically generated,
all models achieve high specificity, indicating effectiveness in de-
tecting systematic corruption. Conversely, on NELL — where most
triples are correct (¢ = 0.91) — all models exhibit high sensitivity
but markedly lower specificity, revealing a tendency to over-accept
facts and miss genuinely incorrect triples. The situation further
degrades on DBPEDIA, the most heterogeneous dataset, where sen-
sitivity and specificity vary widely across models and Macro F1 can
be as low as 0.49 (mistral-nemo).

These asymmetric error patterns make LLMs unreliable as direct
KG accuracy estimators. Indeed, the estimated accuracy derived
from LLM predictions can be expressed as fi;;,, = p - Sensiiy +
(1= p) - (1 —Specy;,,), which implies that different combinations
of sensitivity and specificity may yield similar accuracy estimates.
Consequently, false positives and false negatives may compensate
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Table 4: Comparison between KG accuracy estimates derived
from LLM predictions and ground-truth KG accuracy ob-
tained from human (and synthetic) annotations. For each
LLM-derived estimate, we report the absolute deviation (|A|)
from p. We also report llm-agg (ours) with accuracy aver-
aged over 1,000 repetitions, serving as reference for sampling-
based solutions involving minimal human annotation. Esti-
mates closest to i are shown in bold.

NELL DBPEDIA FACTBENCH
4=091 41=0.85 =028
LLM v (AD  foom(AD  fom(1AD
cohere 0.84 (0.07)  0.57 (0.28) 0.35 (0.07)
deepseek-v3 078 (0.13)  0.47 (0.38) 0.24 (0.04)
llama3.1-8b-it ~ 0.88 (0.03)  0.72 (0.13) 0.36 (0.08)
mistral-nemo 0.68 (0.23) 0.48 (0.37) 0.18 (0.10)
llm-agg 0.92(0.01)  0.87(0.02)  0.28 (0.00)

each other, producing numerically close accuracy estimates despite
significant instance-level errors. Small deviations from KG accuracy
thus provide no guarantee of reliable fact validation.

This effect is confirmed in Table 4, where we compare the KG ac-
curacy estimates derived from LLM predictions with ground-truth
values. The comparison highlights significant and systematic devia-
tions between LLM-derived and ground-truth KG accuracies across
all datasets, as further evidenced by the reported absolute devia-
tions |A|. The issue is most severe on DBPEDIA, where deepseek-v3
estimates an accuracy of 0.47 instead of 0.85, corresponding to a 45%
relative error (i.e., |A| = 0.38). While some LLMs produce estimates
close to true values on specific datasets, none is consistently robust.
Besides, even small deviations stem from error compensation rather
than fact-level reliability, underscoring LLMs inherent variability
and insufficient robustness as direct KG accuracy estimators.

To test whether larger proprietary models overcome this limita-
tion, we evaluated GPT-4o as a direct estimator; for brevity, these
results are omitted from Table 3. Despite its higher cost, improve-
ments are minor: GPT-40 matches open models on NELL (llama3.1-
8b-it) and DBPEDIA (deepseek-v3) and is only slightly better on
FACTBENCH. This confirms that model scale alone does not en-
sure reliable KG accuracy estimation. Rather, all models share a
systematic failure mode: strong performance on semi-synthetic
benchmarks but poor generalization to real-world facts.

Overall, LLMs are suboptimal fact validators and thus cannot di-
rectly estimate KG accuracy. Moreover, a finer-grained comparison
of misclassified triples, reported in the online repository for space
reasons, reveals limited overlap between LLM error sets, indicat-
ing heterogeneous failure modes across models. This suggests that
individual LLMs capture partially complementary signals about
fact validity. Together, these findings motivate the use of LLMs as
stratification signals and their aggregation to mitigate individual
biases and errors. This way, LLMs are only used to guide sampling,
while KG accuracy estimates rely exclusively on human annota-
tions. Such separation prevents error-compensation effects, as the
estimator does not depend on LLM predictions. In other words,
LLM judgments affect sampling efficiency, but not estimator cor-
rectness. Our proposed llm-agg method — shown in Table 4 as the

Table 5: Correlation analysis of size and LLM-based strat-
ification signals with true cluster accuracy, measured via
Spearman’s p and coefficient of determination R?.

NELL | DBPEDIA | FACTBENCH
p=091 | p=08 | p=028
Signal P R? ‘ p R? ‘ P R?
size -0.19 0.00 -0.30 0.01 -020 0.10
cohere 050 024 021 003 045 022

deepseek-v3 0.50 0.24 0.16 0.03  0.55 0.38
llama3.1-8b-it ~ 0.41 0.15 0.20 0.01 0.39 0.15
mistral-nemo 0.44 0.21 0.14 0.02 0.29 0.17

llm-agg 0.48  0.35 0.24 0.06 0.55 0.39

reference for LLM-based stratified sampling — produces accuracy
estimates that are consistently closest to the ground truth across all
datasets (with |A| < 0.02). This minimal deviation is expected, as
llm-agg is grounded in sound statistical principles, ensuring stable
and accurate estimates even in challenging settings.

7.3 LLM:s as Stratification Signals

The effectiveness of stratification signals as proxies for cluster ac-
curacy is reported in Table 5, which provides the following insights.
Cluster size, the topological baseline, shows weak correlation with
cluster accuracy. Moreover, this correlation is negative, indicating
that smaller clusters tend to have higher accuracy — in contrast
with prior findings [17]. At the same time, when cluster size is
used as a stratification signal, it also fails to generate strata that
explain variance in (cluster) accuracy, yielding near-zero R? values
on real-world datasets, NELL and DBPEDIA, and 0.10 on FACT-
BENCH, the lowest score among the considered signals. Conversely,
LLM-derived stratification signals exhibit higher predictive and ex-
planatory power, reaching correlations with true cluster accuracy
of up to 0.55 on FACTBENCH. Among these, our aggregation strat-
egy (llm-agg) achieves one of the strongest Spearman’s p values
and produces the best R? scores across datasets, confirming the
robustness of the aggregated signal. All signals yield low R? values
on DBPEDIA, highlighting its difficulty as a verification benchmark.
We omit random and oracle baselines, which by definition have
Spearman’s p and R? of 0 and 1, respectively.

7.4 Stratified KG Accuracy Evaluation via LLMs

Table 6 reports the performance of stratified KG evaluation using
our LLM-aggregated strategy (llm-agg), compared with single-LLM
strategies and size-based stratification. To better understand the
effectiveness of stratification signals for KG accuracy evaluation,
we also include results for random and oracle stratification. Finally,
we report results for TWCS, the current unstratified SotA method.
To assess whether llm-agg significantly outperforms alternative
strategies, we perform independent t-tests against each baseline,
applying Bonferroni correction to account for multiple comparisons.
We report statistical significance when p < 0.01. The oracle setting
is excluded from this analysis, as it serves only as a reference point
for ideal cost-effectiveness rather than as a practical baseline.
From Table 6 (left side) we can see that across all datasets, llm-
agg delivers statistically significant cost reductions relative to SotA



Table 6: Performance of KG evaluation methods on NELL,
DBPEDIA, and FACTBENCH. Best scores are in bold. # marks
methods significantly more expensive than llm-agg (ours),
based on independent t-tests with Bonferroni correction
(p < 0.01). We also report expected monetary costs, split into
human (Hum), machine (LLM), and total (Tot). Human costs
assume three expert annotators per sampled triple at $5.71
each [36]; machine costs follow LLM pricing for prompts
and outputs (Table 2). Lowest total costs are in bold. Oracle
stratification is shown only as an ideal lower bound.

NELL (1 = 0.91)

Sampling Signal Triples  Cost (hours) ‘ Hum ($) LLM($) Tot($)
TWCS - 116 £66  1.45+0.83% | 1,987 0 1,987
STWCS  random 10971 1.36+0.89% | 1,867 0 1,867
STWCS  size 106 £75 1.31+0.94% ‘ 1,816 0 1,816
STWCS  cohere 85+56 1.06+0.71% 1,456 <1 1,456
STWCS  deepseek-v3 82+53 1.02+0.67% | 1,405 <1 1,405
STWCS  llama3.1-8b-it 78 £57  0.97 £0.72% | 1,336 <1 1,336
STWCS mistral-nemo 92+58 1.15+0.73% 1,576 <1 1,576
STWCS  llm-agg 54+40 0.67+0.50 | 925 1 926

STWCS  oracle 42+30 0.51+0.38 | 719 0 719

DBPEDIA (u = 0.85)
Sampling Signal Triples Cost (hours) ‘ Hum ($) LLM($) Tot($)
TWCS - 224+85 2.57+0.97% ‘ 3,837 0 3,837
STWCS  random 222+95 2.56+1.104 ‘ 3,803 0 3,803
STWCS  size 218+93 2.52+1.07% | 3,734 0 3,734
STWCS  cohere 203+94 2.33+1.09 3,477 <1 3,478
STWCS  deepseek-v3d 203 +100 2.33+1.15 3,477 4 3,481
STWCS  llama3.1-8b-it 209 +99 2.41+1.14% 3,580 1 3,581
STWCS mistral-nemo 203 +£ 102 2.33 +1.17 3,477 <1 3,478
STWCS  llm-agg 195+100 2.24+1.14 | 3340 7 3,347
STWCS  oracle 46 £ 4 0.52 £0.05 ‘ 788 0 788
FACTBENCH (p = 0.28)

Sampling Signal Triples  Cost (hours) ‘ Hum ($) LLM($) Tot($)
TWCS - 25252 2.89+0.60% | 4317 0 4,317
STWCS  random 252+ 64 2.89+0.74% | 4317 0 4,317
STWCS  size 231+70 2.65+0.81% | 3957 0 3,957
STWCS  cohere 235+ 60 2.70 £0.69% | 4,026 <1 4,026
STWCS deepseek-v3 205+59 2.37 +£0.68 3,512 2 3,514
STWCS  llama3.1-8b-it 240 +58 2.76 +0.68 | 4,111 <1 4,112
STWCS  mistral-nemo 229 +71 2.63 +0.83% | 3,923 <1 3,923
STWCS  llm-agg 200+£63 230+0.72 | 3,426 8 3,429
STWCS  oracle 102+47  1.18+0.54 | 1,747 0 1,747

baselines, with up to 49% improvement over size stratification and
54% over TWCS. llm-agg statistically outperforms most single-LLM
methods, confirming that aggregation helps reduce model-specific
biases and outlier predictions. The only exception is DBPEDIA,
where its advantage over most single-LLM methods is not statisti-
cally significant, again highlighting DBPEDIA’s complexity. Size
stratification performs almost identically to random and TWCS on
NELL and DBPEDIA, confirming that size is a negligible stratifica-
tion signal and supporting [17, 28]. These performance differences

Table 7: LLM performance on fact validation, measured by
Sensitivity (Sens), Specificity (Spec), and Macro F1 (MaF1) on
the 50K sampled triples from the YAGO-{HQ, MQ, LQ} KGs
used to construct the distillation training sets.

YAGO-HQ |  YAGO-MQ | YAGO-LQ

p=0.75 | 7=0.50 | p=0.25
LLM Sens Spec MaF1 ‘ Sens Spec MaF1 ‘ Sens Spec MaF1
cohere 0.61 093 067 061 093 077 056 092 075
deepseek-v3 037 099 0.53 038 099 065 037 099 072
llama3.1-8b-it 0.68 0.67 0.64 053 081 0.67 0.67 0.67 0.63
mistral-nemo 047 093 058 047 093 0.69 034 095 0.7

match our analysis of stratification signal quality (Section 7.3): llm-
agg’s superiority stems from its highest explanatory power (R?)
and strong correlation with true cluster accuracy (Spearman’s p).

While the above analysis focuses on annotation volume and hu-
man effort, it does not account for the cost of using LLMs. Since
LLMs are typically accessed through pay-per-request cloud services
(e.g., Microsoft Azure), their pricing may offset the gains achieved
through stratification. Using the model prices in Table 2, we com-
pute the monetary cost of processing all triples in the KG with
LLMs, including both prompt tokens (input) and model responses
(output). For human cost, we assume each sampled triple is judged
by at least three expert annotators — a standard setup for annota-
tion tasks [1] — at a rate of $5.71 per triple per annotator, based on
the expert pricing reported by Paulheim [36]. Table 6 (right side)
presents the resulting monetary costs, separating human and LLM
components for all methods. For llm-agg, machine costs reflect the
combined usage of all four LLMs.

The monetary analysis in Table 6 (right side) shows that LLM
costs are negligible compared to human expenses across all datasets,
confirming the cost-effectiveness of LLM-based stratification. In
practice, LLM costs are fully offset by the reduced number of triples
needing expert annotation, with llm-agg consistently being the
most economical non-oracle method. While LLM costs are negli-
gible for small datasets (thousands of triples), they can dominate
total costs for large KGs with millions of triples (e.g., YAGO-{HQ,
MQ, LQ}). This underscores the need for more computationally and
economically efficient methods to scale LLM-based KG evaluation,
motivating signal distillation.

7.5 Scaling KG Evaluation via Signal Distillation

To determine whether distilling LLM signals enables cost-effective
large-scale KG accuracy evaluation, we extend our analysis to the
YAGO-{HQ, MQ, LQ} datasets. Table 7 reports the fact validation
performance of the four considered LLMs on the 50K sampled triples
per KG used to construct the distillation training sets, providing
the reference point for the subsequent distillation experiments.
Performance trends are consistent with those observed on smaller
datasets: all LLMs underperform, errors remain asymmetric with
very high specificity but markedly lower sensitivity — mirroring the
behavior on FACTBENCH, as LLMs effectively detect synthetically
corrupted triples but fail to reliably identify correct ones.

The distilled models - trained on LLM annotations over the 50K
sampled triples per KG - exhibit performance consistent with their



Table 8: Distilled model performance on fact validation, mea-
sured by Sensitivity (Sens), Specificity (Spec), and Macro F1
(MaF1) across YAGO-{HQ, MQ, LQ} datasets.

YAGO-HQ | YAGO-MQ | YAGO-LQ

p=0.75 | 1 =0.50 | 1=0.25
LLM (distilled) Sens Spec MaF1 ‘ Sens Spec MaF1 ‘ Sens Spec MaF1
distill-cohere 0.61 0.84 065 058 09 073 049 094 0.74
distill-deepseek-v3 035 0.94 0.50 0.34 0.95 0.61 0.23 0.98 0.61
distill-llama3.1-8b-it 0.74 0.52 0.61 0.52 0.80 0.65 0.69 0.64 0.62
distill-mistral-nemo 0.49 0.88 0.58 0.47 0.90 0.67 0.42 0.92 0.69

Table 9: Comparison between KG accuracy estimates derived
from distilled-model predictions and ground-truth KG ac-
curacy obtained from synthetic annotations. We report the
absolute deviation (|A|) from . We also report distill-llm-agg
(ours) averaged over 1,000 repetitions, as a sampling-based
reference. Estimates closest to p are shown in bold.

YAGO-HQ YAGO-MQ YAGO-LQ
=075 =050 =025
LLM (distilled) AgistnLiv (1AD  Paistin-im (AD — Agisin-eim (1AD
distill-cohere 0.50 (0.25) 0.34 (0.16) 0.17 (0.08)
distill-deepseek-v3 0.27 (0.48) 0.19 (0.31) 0.07 (0.18)
distill-llama3.1-8b-it 0.67 (0.08) 0.36 (0.14) 0.44 (0.19)
distill-mistral-nemo 0.40 (0.35) 0.28 (0.22) 0.17 (0.08)
distill-llm-agg 0.75 (0.00) 0.50 (0.00) 0.25 (0.00)

teacher LLMs, as shown in Table 8, though slightly lower. This is
an expected outcome of knowledge distillation, where student mod-
els are optimized to mimic rather than outperform their teachers.
Notably, the performance of distilled models remains very close to
that of their teacher LLMs, confirming their potential as scalable,
efficient stratification signals for KG accuracy evaluation.

Similar to the results for real LLMs (Table 4), the KG accuracy
estimates obtained from distilled-model predictions (Table 9) show
substantial and systematic divergences from the ground truth, as re-
flected by the reported absolute deviations (up to |A| = 0.48). These
discrepancies mostly stem from low sensitivity profiles, underscor-
ing that neither LLMs nor their distilled versions can be used as
reliable, direct accuracy estimators. Again, a fine-grained analysis of
misclassified triples (reported online) confirms heterogeneous and
only partially overlapping error patterns across models, indicating
complementary failure modes and motivating the aggregation of
LLM signals. In this regard, our distill-llm-agg approach - reported
as the LLM-based sampling reference — matches ground-truth ac-
curacies across all YAGO datasets (|A| = 0.00), further reinforcing
the effectiveness of adopting these models as stratification signals
rather than as direct estimators.

Despite this, analyses in Table 10 show that distilled models
serve as effective stratification signals. Compared to cluster size,
LLM-distilled solutions yield higher Spearman’s p and R?, while
size alone fails to explain any variance in true cluster accuracies
(R? near 0). Among distilled models, the one trained on cohere’s
annotations (distill-cohere) emerges as the stratification signal most
aligned with true cluster accuracies and explains the largest share

Table 10: Correlation analysis of size and distilled-based strat-
ification signals with true cluster accuracy, measured via
Spearman’s p and coefficient of determination R?.

YAGO-HQ | YAGO-MQ | YAGO-LQ

p=075 | p=050 | p=025
Signal P R? ‘ P R? ‘ P R?
size -0.31 0.02 -0.13  0.02 0.10 0.01
distill-cohere 0.36 0.12 0.48 0.27 0.53 0.29
distill-deepseek-v3 0.19 009 030 015 036 0.14
distill-llama3.1-8b-it 0.27 0.06 0.29 0.12 0.31 0.09
distill-mistral-nemo 025 0.10 036 017 041 017
distill-llm-agg 0.35 0.15 0.47 0.24 0.52 0.28

of variance. Nevertheless, the aggregated variant (distill-llm-agg)
performs similarly and attains the highest R? on YAGO-HQ.

The stratification analysis in Table 11 (left side) shows that the
distilled aggregation method significantly outperforms TWCS, size
stratification, and most single distilled models, with up to a 15%
gain over size stratification and TWCS. As in the real LLMs results
(Table 6), distill-llm-agg performs best on YAGO-HQ, achieving
the highest R?, while distill-cohere yields larger cost reductions on
YAGO-MQ and YAGO-LQ, where its Spearman’s p and R? are higher.
The performance gap between distill-llm-agg and distill-cohere is
not statistically significant, indicating practical equivalence and
confirming that aggregation reduces individual-model biases and
achieves top performance across all large-scale datasets. Although
distill-cohere is the strongest single model, no model consistently
dominates, mirroring the LLM results on NELL, DBPEDIA, and
FACTBENCH; this underscores aggregation as the most reliable
stratification signal for KG accuracy evaluation.

Regarding annotation costs with LLMs and their distilled vari-
ants, annotating 50K triples with the four LLMs incurs minimal
machine expenses (i.e., a total of $34). By contrast, the training and
inference costs of the distilled models are negligible, as they run on
our shared in-house server and are effectively amortized. As shown
in Table 11 (right side), total costs remain dominated by human
annotation across all YAGO datasets, with LLM costs accounting
for a minimal fraction of the total. As a result, the distilled setup
yields monetary savings comparable to those reported in Table 6.

Hence, the large-scale analyses presented here — mirroring the
small-scale ones with LLMs — demonstrate that LLM-distilled sig-
nals can be efficiently and effectively scaled to large KGs without
compromising the observed performance gains. This confirms that
distillation enables cost-effective KG accuracy evaluation while
preserving the benefits of full LLMs.

8 RELATED WORK

Early research overlooked the problem of evaluating KG accuracy
at scale. A first attempt was KGEval [35], an iterative method that
alternates between crowdsourced annotations and probabilistic in-
ference using type and Horn-clause constraints [27, 33]. Although
pioneering, KGEval suffers from poor scalability and error propa-
gation, which limits its applicability to real-world KGs [17].

To avoid error propagation and scale to large KGs, Gao et al. [17]
reframed the problem as statistical estimation, proposing sampling



Table 11: Performance of KG evaluation methods on YAGO-
{HQ, MQ, LQ}. Best scores are in bold. © indicates methods sig-
nificantly more expensive than distill-llm-agg (ours), based
on independent t-tests with Bonferroni correction (p < 0.01).
¥ denotes the opposite case that never occurs. We also report
expected monetary costs (Hum, LLM, Tot). Human costs has
the same setup as in Table 6, while machine costs are LLM
processing over the 50K sampled triples per KG used for dis-
tillation (Table 2). Training and inference costs of distilled
models are negligible. Lowest total costs are shown in bold.
Oracle stratification serves as the ideal lower bound.

YAGO-HOQ (1 = 0.75)
Triples  Cost (hours) | Hum ($) LLM ($) Tot($)

Sampling Signal

TWCS - 279 +41 3.16 + 0.474 ‘ 4,779 0 4,779
STWCS random 278 + 64 3.15+0.72% ‘ 4,762 0 4,762
STWCS  size 283 + 66 3.20 +0.75% ‘ 4,848 0 4,848
STWCS  distill-cohere 263 +£56 2.98+0.63 | 4,505 3 4,508
STWCS  distill-deepseek-v3 271+ 76 3.07 £0.86% | 4,642 22 4,664
STWCS  distill-llama3.1-8b-it 260 =77 2.94 +0.87 | 4,454 6 4,460
STWCS  distill-mistral-nemo 272 + 61 3.09 + 0.69% | 4,659 3 4,662
STWCS distill-llm-agg 256 £68 2.90+0.77 | 4385 34 4,419
STWCS  oracle 117 £50 1.33+0.57 | 2,007 0 2,007

YAGO-MQ (i = 0.50)
Triples Cost (hours) ‘Hum ($) LLM($) Tot($)

Sampling Signal

TWCS - 388 +39 4.39 +0.44° ‘ 6,646 0 6,646
STWCS random 392 + 53 4.44 + 0.60° ‘ 6,715 0 6,715
STWCS  size 393 £ 56 4.45+0.63° ‘ 6,732 0 6,732
STWCS  distill-cohere 345+ 61 3.91+0.69 | 5910 3 5,913
STWCS  distill-deepseek-v3 364 +71 4.13 + 0.81%| 6,235 22 6,257
STWCS  distill-llama3.1-8b-it 373 + 60 4.23 + 0.68* | 6,389 6 6,395
STWCS  distill-mistral-nemo 364 + 67 4.12 +0.76% | 6,235 3 6,238
STWCS distill-llm-agg 350 £53 3.97+0.59 | 599 34 6,030
STWCS  oracle 176 £59 1.99 +0.67 ‘ 3,015 0 3,015

YAGO-LQ (p = 0.25)
Triples Cost (hours) ‘Hum ($) LLM ($) Tot($)

Sampling Signal

TWCS - 293+46 3.31£0.52°] 5019 0 5019
STWCS random 294 + 63 3.32+0.72° ‘ 5,036 0 5,036
STWCS  size 293 +73 3.32+0.82° ‘ 5,019 0 5,019
STWCS  distill-cohere 243 £ 65 2.75+0.73 | 4,163 3 4,166
STWCS  distill-deepseek-v3 272 + 58 3.08 +0.66% | 4,659 22 4,681
STWCS  distill-llama3.1-8b-it 285 + 64 3.22+0.73% | 4882 6 4888
STWCS  distill-mistral-nemo 261 + 73 2.95 + 0.83% | 4,471 3 4,474
STWCS distill-llm-agg 250 £66 2.83+0.75 | 4283 34 4317
STWCS oracle 119+49 1.34+0.56 ‘ 2,038 0 2,038

strategies with theoretical guarantees. They showed that cluster
sampling (TWCS) can reduce annotation cost compared to simple
random sampling. However, their estimates rely on the Wald con-
fidence interval [8], which is known to be unreliable for binomial
proportions [5, 47]. Subsequent work addressed this limitation by
replacing Wald with more robust intervals: the Wilson confidence
interval [28], and later Bayesian HPD credible intervals [29], which
offer reliable one-shot probabilistic guarantees and lower annota-
tion costs. In this context, Marchesin and Silvello [29] proposed

the aHPD algorithm, which removes the need for manual prior
selection, enabling practical Bayesian evaluation of KG accuracy.

Recent work has focused on interval estimation while leaving
sampling strategies unchanged [28, 29]. We close this gap by replac-
ing ineffective topological stratification with LLM-based seman-
tic stratification, significantly reducing costs compared to current
SotA methods. For large-scale deployment, we further distill LLM
semantic capabilities into smaller models, retaining KG accuracy-
estimation benefits at a fraction of the cost.

9 CONCLUSIONS

This work revisits stratified sampling for KG accuracy evaluation
and shows that its main limitation - the difficulty of constructing
effective strata — can be overcome by repurposing LLMs as strat-
ification signals. Although LLMs are unreliable as direct fact val-
idators (with accuracy estimates deviating up to 45% from ground
truth), their aggregated predictions provide highly informative
signals. Using these signals to partition KG clusters into accuracy-
homogeneous strata and applying stratified TWCS yields 11-54%
cost reductions over SotA baselines while preserving statistical
reliability. To scale further, we employ distillation: efficient student
models trained on 0.25% of KG triples match teacher-level stratifica-
tion quality at negligible cost, enabling large-scale KG evaluation.

Our approach has three principles. First, soft majority voting
across multiple LLMs reduces individual hallucinations and yields
robust consensus signals. Second, limiting LLMs to a signaling role
leverages their pattern-detection strengths while avoiding their fac-
tual weaknesses. Third, combining LLM signals with human anno-
tation preserves ground-truth reliability. Across six KGs spanning
20M-+ triples, this design consistently outperforms topology-based
and unstratified SotA. Overall, our results show that LLMs can play
a novel and effective role in KG quality estimation — not as annota-
tors, but as stratification signals for efficient, reliable estimation.

Beyond immediate gains, our findings also show that there is sig-
nificant potential for improvement before approaching oracle-level
performance, motivating several directions for future research. The
dependence of stratification quality on LLM signal fidelity moti-
vates adaptive distillation: continually updating student models as
KGs evolve to counter semantic drift. The static nature of current
distilled models also suggests incremental learning to reduce re-
training costs as new domains or entity types appear. More broadly,
the interaction between KG evaluation and construction warrants
study: stratification signals could guide targeted fact repair, turning
quality assessment into an active improvement process. Extend-
ing stratification to ontology-adherent KGs could further exploit
richer semantic structure for stronger signals. Overall, the approach
is a foundation for continued innovation in efficient, large-scale
KG evaluation — essential to maintain KGs credibility and utility
in downstream applications [51]. Finally, although our evaluation
framework focuses on KG accuracy, the core idea of using cheap,
noisy model predictions as proxy stratification signals naturally ex-
tends to other data quality tasks — such as completeness estimation,
constraint validation, and entity resolution evaluation - thereby
positioning our LLM-based stratification approach as a general
variance-reduction paradigm for statistical data quality evaluation
pipelines beyond KGs.
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