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Abstract

The rapid growth of LLM evaluation resources
makes exhaustive benchmark curation increas-
ingly difficult. Existing efficient benchmark-
ing methods reduce evaluation cost by select-
ing representative subsets or predicting full-
benchmark performance, but typically require
evaluation results from many models and ad-
ditional training. In this paper, we ask a
more fundamental question: to what extent do
benchmarks actually measure different things?
We study this question at two levels: intra-
benchmark redundancy, which supports bench-
mark compression, and inter-benchmark simi-
larity, which supports evaluation-suite design.
We first formalize both notions through a func-
tionalist behavioral criterion, and then propose
an evaluation-free proxy based on Sparse Au-
toencoder (SAE) features for redundancy di-
agnosis. Our central hypothesis is that behav-
ioral overlap can be approximated by feature
overlap. This hypothesis yields level-specific
metrics based on feature-coverage saturation
within benchmarks and feature-footprint over-
lap across benchmarks. Experiments show
that SAE feature-based redundancy strongly
correlates with performance-based redundancy
across 17 benchmarks, while SAE-guided sub-
set selection produces more stable and repre-
sentative subsets than random sampling. SAE
feature overlap also predicts inter-benchmark
performance similarity across 8 benchmarks.
These results show that SAE features can turn
benchmark analysis from a costly performance-
matrix problem into a feature-footprint prob-
lem, enabling evaluation-free benchmark com-
pression and suite curation.

1 Introduction

The evaluation ecosystem for large language mod-
els is expanding at a pace that makes manual

† This work is done during Yaoning’s internship at Qwen
Team, Alibaba Group.
* Corresponding authors.

benchmark curation increasingly untenable. Public
dataset repositories such as Hugging Face now host
hundreds of thousands to over a million datasets,
with new evaluation resources continuing to ap-
pear every day. As a result, model developers in-
creasingly face large and growing evaluation suites:
each new checkpoint, training recipe, or alignment
method must be assessed across many benchmarks,
incurring substantial costs in data construction,
benchmark maintenance, and model inference. A
growing line of work on efficient benchmarking has
therefore sought to reduce this burden by selecting
representative subsets or predicting full-benchmark
performance from partial evaluations (Polo et al.,
2024; Kipnis et al., 2024; Zhang et al., 2026).

In this paper, instead of asking how to evaluate a
given benchmark more cheaply, we study a more
fundamental problem: to what extent do evaluation
benchmarks actually measure different things? We
analyze this question at two levels. At the intra-
benchmark level, we ask whether many samples
within a benchmark provide redundant evidence
about model capability, and whether a smaller sub-
set can preserve the behavior of the full benchmark.
This level of analysis can directly support bench-
mark compression and efficient evaluation, since
redundant samples may be removed without sub-
stantially changing model comparison results. At
the inter-benchmark level, we ask whether differ-
ent benchmarks induce overlapping model behav-
ior, and therefore whether they contribute distinct
dimensions to an evaluation suite. This level of
analysis can guide evaluation-suite design: bench-
marks that provide complementary diagnostic in-
formation should be retained, whereas benchmarks
that largely duplicate others can be consolidated or
deprioritized.

To do so, we formalize this question from a func-
tionalist view. An evaluation sample is charac-
terized not merely by its surface form, task label,
or intended capability category, but by the func-
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tional role it plays in distinguishing models. Oper-
ationally, this leads to a behavioral criterion: two
samples are redundant if they yield highly consis-
tent correctness patterns across a panel of models,
and two benchmarks are similar if they induce sim-
ilar model-level performance patterns or rankings.
Under this view, intra-benchmark redundancy can
be measured by how well subsets preserve the full-
benchmark ranking, while inter-benchmark simi-
larity can be measured by the correlation between
benchmark-level model performances. This pro-
vides a natural performance-based ground truth for
redundancy and similarity. The challenge, how-
ever, is that such a definition is inherently circular
for large-scale curation: estimating redundancy re-
quires first evaluating many models on the very
samples and benchmarks we hope to compress,
compare, or filter.

We break this circularity using Sparse Autoen-
coder (SAE) features. Our central hypothesis is
that behavioral overlap can be approximated by
feature overlap: if two samples or benchmarks ac-
tivate substantially overlapping SAE features in
an indicator model, then they are likely to engage
similar internal representations and thus provide
overlapping diagnostic information. This single hy-
pothesis gives rise to level-specific metrics. At the
intra-benchmark level, redundancy is captured by
how quickly feature coverage saturates as samples
are added. At the inter-benchmark level, similar-
ity is captured by the overlap between benchmark-
level feature footprints. Thus, SAE features turn
benchmark analysis from a performance-matrix
problem into a feature-footprint problem. For
example, analyzing 10 benchmarks with 5 mod-
els using a conventional behavioral approach re-
quires 50 evaluation runs to construct a model-by-
benchmark matrix, whereas our method uses one
indicator model to extract feature footprints for the
10 benchmarks, requiring only one pass per bench-
mark. This design requires no additional training,
avoids judge-induced noise for open-ended evalua-
tion, and — validated by our experiments — gener-
alizes from the indicator model’s feature structure
to performance-based redundancy and similarity
across evaluated models. In this sense, SAE fea-
tures provide an evaluation-free proxy for behav-
ioral equivalence: they do not replace performance-
based definitions, but make them tractable before
exhaustive evaluation takes place. We summarize
our contributions as follows:

• We formalize benchmark redundancy at two lev-
els: intra-benchmark redundancy and inter-
benchmark similarity from a behavioral equiva-
lence perspective.

• We introduce SAE feature coverage as an
evaluation-free proxy for redundancy analysis,
which is more efficient and convenient.

• Extensive experiments validate SAE features
as effective proxies at both levels: feature re-
dundancy achieves Spearman ρ ≈ 0.85 with
performance-based redundancy across 17 bench-
marks and enables stable and representative sub-
set selection, and feature overlap achieves 75.5%
Pearson correlation with performance-based sim-
ilarity across 8 benchmarks.

2 Related Work

Sparse Autoencoders for language models.
Sparse Autoencoders (SAEs) were proposed to dis-
entangle superposed representations into sparse,
monosemantic features (Cunningham et al., 2024;
Bricken et al., 2023). Subsequent work has scaled
SAEs to frontier models (Templeton et al., 2024)
and systematically studied their scaling properties
and evaluation metrics (Gao et al., 2024). Beyond
interpretability, SAE features have been applied to
model steering (Templeton et al., 2024) and safety-
relevant feature identification. Our work extends
SAEs in a new direction: rather than understanding
model internals, we use them to characterize the
structure of evaluation benchmarks.

Efficient benchmarking. Evaluating models on
large benchmarks is resource-intensive. To mitigate
this, many works select a representative subset and
extrapolate full-dataset performance. For instance,
(Vivek et al., 2023) use confidence scores to pick
highly correlated samples; (Polo et al., 2024) apply
IRT followed by K-Means; (Kipnis et al., 2024)
use Fisher Information to filter less discriminative
samples; SparseEval (Zhang et al., 2026) directly
minimizes the performance discrepancy between
subset and full benchmark by optimizing over the
evaluation matrix with an MLP. However, these
methods typically rely on evaluation data from a
large number of models (typically hundreds to thou-
sands), which we avoid using in this work.

3 Preliminaries

Before presenting our framework, we briefly re-
view the key building blocks: Sparse Autoencoders
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(SAEs) and the notation we adopt in the paper.
Given a benchmark D = {x1, x2, . . . , xK} with
K evaluation samples. For a given language model
M equipped with an SAE at a chosen layer, we
define the active feature set of sample xi as:

F (xi) =
{
j ∈ {1, . . . , D} : zj(xi) > 0

}
, (1)

where zj(xi) is the j-th component of the SAE
latent representation of xi, extracted at the last to-
ken position. A positive zj(xi) indicates that the
j-th SAE feature is activated when the model pro-
cesses sample xi. Prior work has shown that SAE
features correspond to interpretable, monoseman-
tic concepts (Bricken et al., 2023; Cunningham
et al., 2024), and that causally intervening on in-
dividual features can modulate the corresponding
model behaviors (Templeton et al., 2024); each ac-
tive feature thus serves as a signal that the model
is engaging the corresponding internal representa-
tion when generating its response. Note that zj(xi)
implicitly incorporates the Top-k ReLU activation
applied within the SAE encoder; we omit this detail
from the notation for brevity. The feature footprint
of the entire benchmark is:

F (D) =
K⋃

i=1

F (xi). (2)

In the main text, we consistently use
Qwen3-30B-A3B-Base (Yang et al., 2025)
and its corresponding SAE (Deng et al., 2026)
for all experiments. For the selection of hyper-
parameters (such as SAE insertion layer and the
choice of top-k), as well as ablations conducted
with SAEs from other model families, please refer
to Appendix A.3 and D, respectively.

4 Measuring Benchmark Redundancy
with SAE Features

In this section, we formalize intra-dataset redun-
dancy from the perspective of behavioral equiva-
lence (Section 4.1), and then introduce an efficient
SAE feature-based proxy. Through extensive exper-
iments, we demonstrate the reliability of this proxy
(Section 4.2) and leverage it to enable more stable
and efficient benchmark evaluation (Section 4.3).

4.1 Performance-Based Redundancy

We instantiate intra-dataset redundancy through
behavioral equivalence. For each subset, we mea-
sure how closely its evaluation outcomes align with

those of the full dataset across the evaluated mod-
els. The more uniformly subsets agree with the
full-set evaluation, the more redundant the bench-
mark – since any one of them already reflects what
the whole conveys. Aggregating these per-sample
consistency scores therefore yields a direct measure
of the benchmark’s overall redundancy. Formally,
fix a panel of n models M1, . . . ,Mn. Let p =
[p1, . . . , pn] denote the vector of average model ac-
curacies on the full benchmark D = {x1, . . . , xK},
and let p̂(S) = [p̂1, . . . , p̂n] denote the correspond-
ing vector on a subset S ⊆ D. The rank correlation
between S and D is:

τ(S,D) = τ
(
p, p̂(S)

)
, (3)

where τ(·, ·) denotes Kendall’s τ . Kendall’s τ is
preferred over Spearman’s ρ here because it has
a direct combinatorial interpretation: (τ + 1)/2
equals the fraction of model pairs whose relative
ordering is preserved by the subset. To characterize
the typical behavior on a given subset size, we take
expectations:

τk = ES⊆D, |S|=k

[
τ(S,D)

]
. (4)

The function k 7→ τk traces out a rank-correlation
curve: it starts near zero for very small k and ap-
proaches 1 as k → K. The shape of this curve
encodes how redundant the benchmark is. Intu-
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Figure 1: Rank-correlation curves τk for GPQA-
Diamond (K = 198) and GSM8K (K = 1319). Hori-
zontal axis: sample proportion k/K; vertical axis: τk
(Eq. (4)). At 50% of the data, GPQA-D achieves
τ ≈ 0.55 while GSM8K already exceeds 0.90, indi-
cating that GSM8K is substantially more redundant.

itively, if the curve rises steeply and saturates early,
the benchmark is highly redundant: a small fraction
of samples already determines the model ranking;
if the curve rises gradually and remains concave
throughout, the benchmark has high effective infor-
mation: each additional sample contributes mean-
ingfully to discriminating models. As an example,
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Figure 1 shows the rank-correlation curves for two
benchmarks, GPQA-Diamond (Rein et al., 2023)
and GSM8K (Cobbe et al., 2021), evaluated us-
ing 26 Qwen-3.5-35B-A3B checkpoints, trained
on data mixtures with different domain-specific
weighting ratios. The contrast is stark: at 50%
of the data, GSM8K already achieves τk > 0.90,
meaning that the vast majority of model pairs are
correctly ranked by a random half of the bench-
mark. In contrast, GPQA-Diamond at 50% reaches
only τk ≈ 0.60, and the curve continues to rise
meaningfully as more data is added. This is also
consistent with our prior expectations about these
benchmarks: GSM8K primarily targets elementary-
level math problems, while GPQA-D focuses on
high-difficulty STEM reasoning. For elementary
math, a small proportion of problems suffices to
assess a model’s mastery; whereas complex STEM
reasoning typically requires more samples to eval-
uate a model’s comprehensive capabilities. 1 To
more conveniently quantify and compare the de-
gree of such redundancy across datasets, we can
aggregate the entire curve into a single scalar:

R(D) = AUC(τk) =
1

K

K∑

k=1

τk. (5)

Intuitively, R(D) corresponds to the area un-
der the rank-correlation curve, with higher val-
ues indicating greater redundancy. For instance,
R(GPQA-D) = 0.54 is substantially lower than
R(GSM8K) = 0.91, suggesting that GSM8K ad-
mits substantial compression while GPQA-D does
not. While R(D) provides a straightforward mea-
sure of redundancy, computing it is prohibitively
expensive: computing τk for a single value of k
already requires sampling many random subsets
and running model evaluations on each. Can we
estimate redundancy before evaluation takes place?

4.2 SAE-Based Redundancy Analysis
Since performance-based approaches are costly, we
therefore seek a measure of behavioral equivalence
computable from the inputs alone. SAE features
offer a principled basis for this: the feature ac-
tivations elicited by a sample reflect the internal
functionalities the model engages when processing
it. Using these activations as a functional map of

1This gap is not an artifact of GPQA-Diamond’s smaller
size. Subsampling GSM8K to GPQA-D’s size (198 exam-
ples, 10 random seeds) still yields R = 0.794 ± 0.010, far
above GPQA-D’s 0.542, so the difference reflects intrinsic
redundancy rather than sample count (See Appendix F).

the target model, we can measure functional sim-
ilarity between samples directly in feature space.
Analogously to the performance-based redundancy
analysis (Section 4.1), we compute the proportion
of SAE features covered by each subset relative to
those activated by the full dataset. Aggregating the
results across subsets then yields an SAE feature-
based redundancy. We formalize this notion using
SAE features: First, we define the expected cover-
age at size k, which corresponds to Eq. (4):

ck = ES⊆D, |S|=k

[ |F (S)|
|F (D)|

]
. (6)

The curve k 7→ ck is the feature-coverage curve.
Its shape parallels the rank-correlation curve k 7→
τk: a benchmark whose samples share many fea-
tures will see ck saturate quickly (high redundancy),
while a benchmark with diverse feature activation
patterns will show slow, steady growth. Similar to
Eq. (5), we aggregate the feature-coverage curve
into a scalar metric:

AUC(ck) =
1

K

K∑

k=1

ck. (7)

However, the raw coverage AUC alone does not
capture absolute feature diversity. Consider two
benchmarks of the same size K whose cover-
age both grow linearly (ck = k/K), yielding
AUC = 0.5 in both cases. Suppose the first ac-
tivates |F (D)| = 1,000 distinct features in to-
tal while the second activates 2,000. Both have
the same AUC, yet the second benchmark clearly
probes a broader range of capabilities; it should
be considered less redundant. The coverage curve,
being normalized to [0, 1], erases this difference
in absolute scale. To restore it, we multiply the
AUC by a growth-rate correction K/|F (D)|. In-
tuitively, |F (D)|/K measures how many new fea-
tures each sample contributes on average: a bench-
mark that activates 2,000 features over K samples
has twice the per-sample growth rate of one that ac-
tivates 1,000, and should therefore receive a lower
redundancy score. Multiplying by the reciprocal
K/|F (D)| achieves exactly this, yielding the fea-
ture redundancy:

R̂(D) = AUC(ck) ·
K

|F (D)| =
∑K

k=1 ck
|F (D)| . (8)

To verify whether feature redundancy serves as
an effective proxy for performance redundancy as
defined in Section 4.1, we select 26 pre-trained
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Figure 2: Spearman rank correlation between performance-based redundancy R(D) and feature redundancy R̂(D)
across 17 benchmarks (Spearman ρ ≈ 0.85), suggesting that R̂(D) serves as a reliable proxy for R(D).

checkpoints with varying training steps and data
mixture ratios, and evaluate the correlation between
R(D) and R̂(D) across 17 widely-used bench-
marks spanning general knowledge, mathematics,
coding, multilingual understanding, and in-context
reasoning. For the full list of the used bench-
marks, please refer to Appendix A.2. Key obser-
vations from the analysis (Figure 2): 1) The Spear-
man rank correlation between R(D) and R̂(D)
across 17 benchmarks is ρ ≈ 0.85, suggesting that
feature redundancy may serve as a reasonable
evaluation-free proxy for performance-based re-
dundancy. 2) A smaller sample count does not
necessarily imply lower redundancy. For exam-
ple, GSM8K (1,319 samples) exhibits substantially
higher redundancy (both performance-based and
feature-based) than MMLU-Redux (3,000 sam-
ples). This further demonstrates that our metric
is able to mitigate the influence of the dataset’s ab-
solute size. 3) Early general-purpose benchmarks
often suffer from considerable redundancy. For in-
stance, MMLU, MMLU-Pro, and CMMLU are all
located in the upper-right region of the figure, indi-
cating relatively high redundancy. In contrast, the
more recent SuperGPQA was explicitly designed
to cover a broader range of domains. Although it
contains more samples (26K) than the aforemen-
tioned benchmarks (10-15K), it achieves signifi-
cantly lower redundancy. This suggests that de-
liberate diversity in benchmark construction trans-
lates into measurably lower redundancy. Together,
these observations validate R̂(D) as a reliable,
evaluation-free measure of benchmark redundancy.
Beyond serving as a design-time diagnostic, our
analysis also offers practical guidance for choosing
among existing ones — favoring benchmarks with

lower redundancy when evaluation budget is lim-
ited or when broader capability coverage is desired.

4.3 Feature-guided Subset Sampling
Section 4.2 established that feature-based redun-
dancy is a reliable, evaluation-free diagnostic for
benchmark design. We now ask whether the same
signal can be put to active use: can we exploit it
to select a compact, low-redundancy subset that
supports efficient evaluation? Since each feature
corresponds to a distinct functionality engaged by
the benchmark, a subset that preserves the feature
distribution of the full dataset should preserve its
evaluation signal as well. This motivates a nat-
ural objective: select the smallest subset whose
feature distribution approximates that of the full
benchmark. To characterize feature distribution,
we define feature frequency vector f(D) ∈ RD as

[f(D)]i =
1

|D|
∑

x∈D
1(i ∈ F (x)), (9)

where i is the feature index, F (x) is the feature
set activated by sample x ∈ D, and 1(·) is the
indicator function. The optimization objective can
be formalized as

Ŝ = argmin
S

L(f(S), f(D)), (10)

where we adopt the L2 loss. Since obtaining an
exact solution to this combinatorial optimization
problem is intractable, we employ a greedy algo-
rithm to approximate the solution, where at each
step, the sample that minimizes the loss is selected
and added to the subset.

Experimental setup. We run SAE-guided selec-
tion on the redundant benchmarks identified in Fig-
ure 2 (i.e., the 7 benchmarks in the upper-right
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Figure 3: Random vs. SAE-Guided sampling across 4 benchmarks. For results on other benchmarks, please refer
to Figure 7 in the Appendix. Blue line: Kendall’s τ under random sampling (± std in shaded region). Red line:
Kendall’s τ under SAE-guided sampling (± std in shaded region). SAE-guided subset consistently achieves higher
mean τ and lower variance, with the advantage most pronounced at small subset sizes.

quadrant: see Appendix Figure 7 for the full list)
and compare against random subset selection as
a baseline. For more details on the algorithm set-
tings and analysis, please refer to Appendix B. The
results (Figure 3) reveal several consistent patterns:

1) SAE subsets yield higher correlation, espe-
cially at small k. Overall, the expected Kendall’s τ
under SAE-guided sampling equals or exceeds that
of random sampling across subset sizes: E[τSAE

k ] ≥
E[τ random

k ]. This advantage is most pronounced
when k/K is small (roughly k/K < 0.3), where
SAE-guided sampling yields up to 5-10% higher
Kendall’s τ than random sampling. This suggests
that by better approximating the feature distribu-
tion of the full benchmark, our method achieves
lower redundancy with the same number of sam-
ples, thereby attaining higher rank correlation. Be-
yond 30% of the benchmark, both methods con-
verge toward the full-set evaluation result as more
samples are included. This concentration of gains
in the small-subset regime is consistent with recent
findings that random sampling is competitive on av-
erage while structured selection helps most when
the subset is small (Zhang et al., 2025; Yauney
et al., 2026). 2) SAE subsets are more stable
than random subsets, with near-zero variance.
The standard deviation of τk under SAE subsets is
nearly zero, remaining consistently lower than that
observed under random sampling. This is visible in
Figure 3 as the narrower shaded region around the
SAE curves (red) compared to the random curves
(blue). In contrast, random sampling at small sub-
set ratios can exhibit substantial variance, for ex-
ample, on MATH (K = 5,000) with k = 200, the
estimated Kendall’s tau under random sampling
is 0.79± 0.05, requiring approximately 150 inde-
pendent draws to achieve a stable mean estimate.
The high variance prevents random sampling from
reliably preserving the model ranking between the
selected subset and the full benchmark. In contrast,

SAE feature-guided sampling produces a stable
subset that better maintains behavioral consistency
with the original dataset. Taken together, our sam-
pling method provides an evaluation-free and
stable approach to subset selection that effec-
tively reduces dataset redundancy.

5 Inter-Benchmark Similarity Analysis

Section 4 focused on the internal structure of a sin-
gle benchmark: how redundant it is, and how to se-
lect maximally informative subsets. In this section,
we extend the analysis to the relationships across
multiple benchmarks. In Section 5.1, we first de-
fine inter-dataset similarity from the perspective of
behavioral equivalence. We then propose a proxy
based on SAE features in Section 5.2, and subse-
quently validate the effectiveness of SAE features
as a proxy in Section 5.3.

5.1 Performance-Based Similarity
We begin by establishing a performance-based
ground truth. Fix a panel of models M1, . . . ,Mn;
for two benchmarks D1 and D2, we compute
the average performance of each model on both
benchmarks respectively, and quantify the similar-
ity between the two datasets via the consistency
of their average performance (i.e., performance
correlation), which we formalize as follows. Let
p = [p1, . . . , pn] and q = [q1, . . . , qn] be the vec-
tors of average model accuracies on D1 and D2,
respectively. The performance-based similarity
between D1 and D2 is:

ρ(D1,D2) = corr(p, q), (11)

where corr(·, ·) can be Pearson, Spearman, or
Kendall correlation. When ρ(D1,D2) is high, mod-
els that perform well on D1 also tend to perform
well on D2 — they rank models similarly. When ρ
is low, the benchmarks induce different rankings,
suggesting that they probe different capability dis-
tributions: a model’s performance on D1 is not
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predictive of its performance on D2. In this work,
we adopt the Pearson correlation coefficient as the
similarity metric. This choice is motivated by its
direct relationship with the coefficient of determi-
nation (R2) in linear regression, making it a natural
measure of how well performance on one bench-
mark predicts performance on another.

While Pearson correlation measures the extent to
which performance on one benchmark predicts per-
formance on another, the resulting similarity may
conflate multiple factors. In particular, two bench-
marks can appear highly correlated simply because
both are strongly associated with overall model
quality. As model capability improves, perfor-
mance tends to increase across many benchmarks
simultaneously, even when those benchmarks eval-
uate substantially different skills. Consequently,
raw benchmark correlation may reflect not only
benchmark-specific capability overlap, but also a
shared dependence on general model ability. To
disentangle these two effects, we employ partial
correlation analysis. Specifically, we use a general
and established benchmark as a proxy for overall
model quality, and measure the residual correlation
between benchmarks after removing the compo-
nent explained by this shared factor. In our experi-
ments, we use MMLU as the control variable due to
its broad coverage and strong correlation with gen-
eral model performance. Given two benchmarks
D1 and D2, we define the corrected performance
similarity as their partial correlation conditioned
on MMLU, denoted by ρ(D1,D2 | MMLU). The
full definition and an illustrative visualization are
provided in Appendix C. Intuitively, this metric
measures the correlation between the residual per-
formance patterns of D1 and D2 after the variation
attributable to overall model quality has been re-
gressed out. In the following analysis, we report
both the raw similarity and the corrected similarity.
We defer the empirical results to Section 5.3, where
we compare performance-based similarity against
the feature-based proxy introduced next.

5.2 Feature Overlap Between Benchmarks
As with intra-benchmark redundancy, we seek an
evaluation-free proxy for performance-based simi-
larity. The natural choice is feature overlap: two
benchmarks are similar if they activate largely the
same SAE features, and dissimilar if their fea-
ture footprints have little intersection. To mea-
sure the potential inclusion relationship between
benchmarks, given two benchmarks D1 and D2, we

define an asymmetric feature overlap metric that
quantifies the extent to which the features of D1

are covered by D2:

overlap(D1,D2) =
|F (D1) ∩ F (D2)|

|F (D1)|
. (12)

The asymmetry is informative: For instance, we
expect GSM8K (elementary math) to have a large
fraction of its features covered by MATH (more ad-
vanced math benchmark), while the reverse should
be less true, i.e. overlap(GSM8K,MATH) >
overlap(MATH,GSM8K). To verify that feature
overlap captures semantically meaningful patterns,
we compute the pairwise overlap matrix of eight
representative benchmarks (Figure 4 (a)). Several
well-known relationships are clearly recovered:

• Mathematical hierarchy. GSM8K’s features are
largely covered by MATH, but not vice versa—
consistent with the expectation that competition-
level math subsumes elementary arithmetic while
also requiring deeper capabilities such as proof
techniques and algebraic manipulation.

• Code cluster. Code benchmarks (EvalPlus,
MBPP, MultiPL-E) form a tight cluster with high
pairwise overlaps, reflecting the shared code-
generation capabilities they evaluate despite dif-
ferences in language coverage and difficulty.

• Knowledge subsumption. Broad knowledge
benchmarks (MMLU-Pro, SuperGPQA) cover
56–68% of the features activated by specialized
benchmarks such as TheoremQA, consistent with
the intuition that wide-coverage evaluations en-
compass many of the domain-specific features
probed by focused ones.

These patterns confirm that SAE feature overlap
captures semantically meaningful relationships be-
tween benchmarks, motivating its use as a proxy for
performance-based similarity in the next section.

5.3 Connecting Overlap to Performance
Similarity

The asymmetric overlap defined above is well-
suited for detecting containment relationships, but
performance-based similarity ρ(D1,D2) is inher-
ently symmetric. To enable a direct quantitative
comparison between the two, we introduce a sym-
metric variant of the overlap metric. We adopt a
min-based normalization: Given two benchmarks
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Figure 4: Feature overlap matrix for eight benchmarks. Entry (i, j) gives overlap(Di,Dj) (a) and
overlapmin(Di,Dj) (b). The matrix reveals intuitive containment relationships: GSM8K is largely covered by
MATH, code benchmarks form a tight cluster, and broad knowledge benchmarks subsume specialized ones.

D1 and D2, their symmetric feature overlap is:

overlapmin(D1,D2) =
|F (D1)∩F (D2)|

min
(
|F (D1)|, |F (D2)|

) . (13)

The min-denominator ensures that the metric is
high when the smaller benchmark’s features are
largely contained in the larger one, capturing the
intuition of capability subsumption. Figure 4 (b)
shows the symmetrized overlap matrix. Compared
to the asymmetric version, the diagonal blocks
(math, code, knowledge) remain clearly visible,
but the cross-block values are adjusted to reflect
the bidirectional relationship. We now test the
central hypothesis: does feature overlap predict
performance-based similarity? Crucially, we evalu-
ate this prediction both for the raw ρ(D1,D2) and
for the corrected ρ(D1,D2 | MMLU) defined in
Section 5.1. We compute pairwise performance-
based similarities for all

(
8
2

)
= 28 benchmark

pairs using the 26 checkpoints, and compare these
against the corresponding overlapmin values. As
shown in Table 1, the correlations are positive and
significant (Pearson 68.4%, Spearman 60.7%), but
not overwhelmingly strong, likely due to the gen-
eral ability confound discussed before.

Similarity ρ(D1,D2) ρ(D1,D2 | MMLU)

Pearson 68.4 75.5
Spearman 60.7 71.3

Table 1: Correlation between symmetric feature overlap
and performance-based similarity ρ, before and after
controlling for general ability with MMLU.

To isolate the relationship between feature over-
lap and benchmark-specific capability patterns, we

replace the raw similarity with the corrected simi-
larity (taking MMLU as the control variable). After
partialing out general ability, the correlation be-
tween feature overlap and performance similarity
increases substantially in both metrics, as detailed
in Table 1: the Pearson correlation rises to 75.5%,
and the Spearman correlation to 71.3%. This no-
table improvement provides strong evidence that
feature overlap captures benchmark-specific ca-
pability similarity beyond the trivial effect of
overall model quality.

Implications for evaluation suite design. This
result has a direct practical implication: feature
overlap can guide evaluation suite design without
any model evaluation. Benchmarks with low over-
lap probe distinct capabilities and should both be
retained; benchmarks with high overlap are candi-
dates for consolidation. For example, the asymmet-
ric overlap analysis shows that 63% of GSM8K’s
features are already covered by MATH, suggest-
ing that an evaluation suite containing MATH can
safely drop GSM8K with little loss of discrimina-
tive information. Conversely, a benchmark whose
feature footprint has low overlap with all current
suite members may probe capabilities not yet cov-
ered, making it a natural candidate for inclusion.

6 Conclusion

In this paper, we introduce a formal framework for
quantifying benchmark redundancy from the per-
spective of behavioral equivalence, operating at two
levels: the intra-benchmark level and the inter-
benchmark level. Building on these performance-
based metrics, we propose SAE feature-based met-
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rics as proxies and validate their effectiveness at
both levels. We further show that SAE-guided sub-
set selection yields more stable and representative
subsets than random sampling. We hope our work
provides a new perspective for measuring bench-
mark redundancy, enabling more efficient evalua-
tion as the benchmark landscape continues to grow.

7 Limitations

Benchmark Quality as Assumed Ground Truth.
Throughout the analysis in Section 4, we treat the
full benchmark as ground truth and do not ques-
tion whether its original distribution is “correct” or
reasonable. The original benchmark, with all its
potential flaws, defines the population of interest.
Redundancy arises from factors such as lowering
evaluation variance, convenience in sample collec-
tion, or accidental duplication — not from a mis-
match with some external ideal. More broadly, our
framework addresses redundancy within and across
benchmarks, but does not perform meta-evaluation
of individual benchmark quality — whether its
items are well-constructed, its difficulty distribu-
tion is appropriate, or its coverage of the target
domain is adequate.

Dependence on the model panel. The
performance-based metrics (e.g., τk) are functions
of both the benchmark distribution and the model
capability distribution: τ = τ(D, {Mi}), while
we wish to measure the relationship between
datasets themselves, minimizing the bias intro-
duced by model selection. In practice, we mitigate
this by using a large and diverse model panel.
Because our main panel comprises checkpoints
from a single pre-training series, we additionally
validate robustness on an expanded panel of 34
models spanning four families (Gemma3, Llama-
3.1, Qwen2.5, Qwen3) and scales (4B–14B).
The intra-benchmark Spearman correlation is
unchanged (ρ = 0.85) and the inter-benchmark
correlation is essentially stable (75.5%→75.2%),
indicating that the relative benchmark rankings
our metrics rely on generalize beyond a single
model family (full results in Appendix E). The
absolute values of the performance-based metric
can still shift with panel composition (e.g., the
Pearson correlation drops from 0.82 to 0.72), so
we continue to recommend a large and diverse
panel when absolute scores matter.

Marginal gains of SAE-guided sampling. SAE-
guided sampling consistently outperforms random
sampling in mean rank correlation, but the improve-
ment concentrates at small subset sizes and dimin-
ishes as the subset ratio grows. The primary prac-
tical value of SAE-guided sampling lies in vari-
ance reduction: while random sampling can match
the mean performance given enough independent
draws, a single SAE-guided subset achieves near-
zero variance, eliminating the need for repeated
sampling and providing a reliable, one-shot com-
pression of the benchmark.
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A Experimental Details

This appendix describes the experimental setup
underlying all results presented in the main text.

A.1 Model Panel
We use a panel of 26 models from the Qwen-3.5-
35B-A3B pre-training series. These models share
the same architecture but differ in:

• Pre-training step. Models are sampled at differ-
ent stages of pre-training, capturing the trajectory
from the early stage of training to convergence.

• Data mixture ratio. Different checkpoints cor-
respond to different proportions of code, math,
multilingual, and general text data.

By using a single model family with varying
training configurations, we obtain a panel with natu-
rally varying capability profiles: early checkpoints
are weak across the board, while later checkpoints
develop differentiated strengths (e.g., strong in
STEM but weaker in entertainment-domain knowl-
edge). This diversity is essential for meaningful
rank-correlation analysis.

A.2 Benchmarks
To validate the effectiveness of our SAE-based anal-
ysis method, we conduct experiments across 17
widely-used benchmarks spanning general knowl-
edge, mathematics, coding, multilingual under-
standing, and in-context reasoning, as listed below.

• General Tasks: MMLU (Hendrycks et al.,
2020), MMLU-Redux (Gema et al., 2025),
MMLU-Pro (Wang et al., 2024), SuperG-
PQA (Du et al., 2025), C-Eval (Huang et al.,
2023), CMMLU (Li et al., 2023).

• STEM & Math Tasks: GSM8K (Cobbe
et al., 2021), MATH (Hendrycks et al., 2021),
GPQA-Diamond (Rein et al., 2023), Theo-
remQA (Chen et al., 2023).

• Code Tasks: MBPP (Austin et al., 2021),
EvalPlus (Liu et al., 2023), MultiPL-E (Cas-
sano et al., 2022).

• Multilingual Tasks: MMMLU (OpenAI,
2024), INCLUDE (Romanou et al., 2024).

• In-Context Reasoning Tasks: KOR-
Bench (Ma et al., 2024), ICLEval (Chen et al.,
2025).

A.3 SAE Configuration
Base Model & SAE. In the main text, we use
Qwen3-30B-A3B-Base (Yang et al., 2025) and its
corresponding SAE (Deng et al., 2026) for all ex-
periments.

Hyperparameter Selection. We ablate two fac-
tors related to SAE feature extraction: 1) the layer
at which the SAE is inserted; and 2) the value of
k in the Top-k ReLU activation of the SAE. We
propose a simple proxy task to select the optimal
hyperparameters: our goal is for the SAE features
to be sensitive to the type of capability being ex-
amined in the data, i.e., when controlling for the
number of samples, a larger number of categories
should activate a more diverse set of features. To
this end, we fix the total number of samples to
n = 1, 500 on MMLU while varying the number of
categories from 1 to 57, and select the hyperparam-
eters that maximize the Spearman rank correlation
with the number of categories. The ablation results
are shown in Figure 5 and 6. For the selection of
SAE insertion layer, the results in Figure 5 suggest
that layer 12 and layer 24 yield higher correlation
coefficients than layer 36; however, we find in prac-
tice that earlier layers (i.e., layer 12 and 24) tend to
assign disproportionately large activations to cer-
tain instructions (e.g., Let’s think step by step.).
Taking both factors into consideration, we adopt
layer 36 as the SAE insertion layer.

For the selection of top-k (Figure 6), we find that
a larger top-k tends to provide more information,
as indicated by a higher Spearman rank correlation.
Therefore, we set k = 100 for the top-k activation.

B SAE-Guided Subset Sampling

Random Baseline. The random baseline is al-
ready a strong baseline in terms of the mean, be-
cause it naturally preserves the data distribution,
but it suffers from very large variance. Therefore,
in Section 4.3, we use the Monte Carlo method to
estimate the mean and standard deviation of the
random approach. We pre-compute the evaluation
results for all samples in the dataset. For τk, we
repeatedly sample subsets St of size k (|St| = k)
until the sample mean

τ̂k =
1

T

T∑

t=1

τ(St,D)

fluctuates by less than 0.001, so as to obtain a stable
estimate of the mean and standard deviation.
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Figure 5: Ablation study on the SAE insertion layer, with k fixed at 100. The Spearman rank correlation between
the number of active features and the number of categories on MMLU is reported for each layer.

SAE-Guided Sampling. Since we solve the op-
timization problem in Eq. (10) using a greedy al-
gorithm, and due to the sparsity of SAE features,
ties between two samples may occur during the
solution iterations. To eliminate the influence of
random factors such as the ordering of samples, we
randomly shuffle the samples each time and repeat
the greedy algorithm 10 times. We observe that this
solution process is essentially deterministic (stan-
dard deviation almost 0, Figure 3 and Figure 7),
thus providing a more stable alternative to random
sampling.

Computational efficiency. A crucial advantage
of the greedy approach is that it produces a nested
sequence of subsets: S1 ⊂ S2 ⊂ · · · ⊂ SK = D.
This means a single pass (O(K)) of the algorithm
yields subsets at all sizes simultaneously — unlike
KMeans-based methods (Polo et al., 2024; Pac-
chiardi et al., 2024), where each target subset size
k requires an independent clustering run. The to-
tal time complexity is O(K2) when pre-computing
feature sets, which is tractable for benchmarks with
up to tens of thousands of samples.

C Partial Correlation Correction for
General Model Ability

Motivation. When evaluating whether two
benchmarks D1 and D2 probe similar capabilities,
a natural starting point is to measure the correla-

tion between model performances on them. How-
ever, model performances across diverse bench-
marks are invariably influenced by a common fac-
tor: general model ability (often denoted g in the
psychometric literature). A model that is stronger
overall—by virtue of scale, training data, or al-
gorithmic improvements—tends to outperform a
weaker model on virtually any reasonably con-
structed evaluation. Consequently, even two bench-
marks that test completely disjoint capabilities (e.g.,
pure mathematics and literary translation) can ex-
hibit a high positive performance correlation, sim-
ply because all model scores co-vary with this dom-
inant general-ability dimension.

If the goal is to measure whether D1 and D2

probe the same specific capabilities (beyond over-
all quality), the raw performance correlation is mis-
leading. The confound can be removed by statis-
tically controlling for a suitable proxy of general
ability.

Method: partial correlation. Let G be a bench-
mark chosen to represent general model ability (in
our work we use MMLU, a wide-coverage knowl-
edge benchmark that strongly correlates with over-
all model quality). For a panel of n models, we
have performance vectors p, q, and g on D1, D2,
and G, respectively. The linear effect of general
ability can be removed by first regressing p and q
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Figure 6: Ablation study on the Top-k activation parameter of the SAE, with the insertion layer fixed at 32. The
Spearman rank correlation between the number of active features and the number of categories on MMLU is
reported for each value of k.

on g and keeping the residuals:

e1 = p− α̂1 − β̂1g, e2 = q − α̂2 − β̂2g.

The partial correlation between D1 and D2 given
G is then simply the ordinary correlation of these
residuals:

ρpartial(D1,D2 | G) = corr(e1, e2).

Equivalently, it can be expressed directly in terms
of the zero-order correlations ρ12 = ρ(D1,D2),
ρ1g = ρ(D1,G), and ρ2g = ρ(D2,G) without ex-
plicitly computing residuals:

ρpartial(D1,D2 | G) =
ρ12 − ρ1g ρ2g√
1− ρ21g

√
1− ρ22g

.

(14)

Empirical comparison. To illustrate the effect of
partialing out general ability, we compute both the
direct performance correlation ρ(Di,Dj) and the
partial correlation ρ(Di,Dj | MMLU) for all pairs
of the eight benchmarks used in Section 5.3, and
display the two matrices side by side in Figure 8.
In the direct correlation matrix, most entries are
uniformly high, reflecting the dominant influence
of general model ability: stronger models tend to
outperform weaker ones on nearly all benchmarks,
inflating pairwise correlations regardless of content.

After controlling for MMLU, the partial correla-
tion matrix reveals a markedly different structure.
Cross-domain pairs (e.g., code vs. math bench-
marks) exhibit substantially reduced correlations,
while within-domain pairs (e.g., GSM8K–MATH,
EvalPlus–MBPP) retain high values. This con-
trast confirms that partial correlation effectively iso-
lates benchmark-specific capability overlap from
the shared general-ability component, providing a
more faithful basis for comparing with SAE feature
overlap in Section 5.3.

D Ablation on Other SAE Models

A key concern of SAE-based analysis is that the
results may be highly dependent on the choice of
SAE. Different base models and their correspond-
ing trained SAEs (as well as different feature di-
mensions) may learn features with different repre-
sentations, potentially leading to different conclu-
sions. To verify this, we re-examine the two key
findings in the main text using another open-source
model family, Gemma-3.

SAE Configuration. We use Gemma3-12B-it as
the base model, follow the method described in
Section A.3 for the selection of top-k and SAE
insertion layer, and replicate the experiments in the
main text.
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Figure 7: Random vs. SAE-Guided sampling across 7 benchmarks. Blue line: Kendall’s τ under random sampling
(± std in shaded region). Red line: Kendall’s τ under SAE-guided sampling (± std in shaded region). SAE-guided
subset achieves higher mean τ and lower variance, with the advantage most pronounced at small subset sizes.
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Figure 8: Performance correlation matrices for eight benchmarks. (a) Direct Pearson correlation ρ(Di,Dj): entries
are uniformly high due to the dominant effect of general model ability. (b) Partial correlation ρ(Di,Dj | MMLU):
after removing the shared dependence on general ability, cross-domain correlations decrease substantially while
within-domain correlations are preserved, revealing benchmark-specific capability overlap.

Benchmark Redundancy Analysis (Section 4).
For each benchmark, we recompute the feature re-
dundancy (Eq. (8)) using the Gemma-based SAE,
and calculate the correlation between performance-
based redundancy and feature redundancy, as
shown in Figure 9. The results demonstrate that
the feature redundancy defined using the Gemma
model family can still serve as a good proxy for
redundancy, as indicated by the high correlation
between the two.

Benchmark Similarity Analysis (Section 5).
For each pair of benchmarks, we recompute
overlapmin(Di,Dj) (Eq. (13)) using Gemma-based
SAE, and then calculate its correlation with
performance-based benchmark similarity. The re-
sults are shown in Table 2. The results obtained
with the Gemma SAE are consistent with our pre-

vious findings: the SAE feature-based overlap ex-
hibits a high correlation with performance-based
benchmark similarity, and this correlation is fur-
ther strengthened after removing the influence of
general capabilities.

Summary. Through ablations on SAEs from
other model families, we can verify that features
learned by different SAEs may exhibit different rep-
resentations (e.g., different numbers of activated
features and different absolute overlap values), but
in the context of benchmark analysis, such repre-
sentations can be considered robust, yielding con-
sistent conclusions in both redundancy analysis and
similarity analysis.
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Figure 9: Spearman rank correlation between performance-based redundancy R(D) and feature redundancy R̂(D)
(computed using Gemma3-12B-it with its corresponding SAE) across 17 benchmarks (Spearman ρ ≈ 0.87),
suggesting that feature redundancy serves as a reasonable evaluation-free proxy for R(D).

Similarity ρ(D1,D2) ρ(D1,D2 | MMLU)

Pearson 69.7 75.9
Spearman 66.6 72.2

Table 2: Spearman rank correlation between symmetric
feature overlap (computed using Gemma3-12B-it with
its corresponding SAE) and performance-based simi-
larity, before and after controlling for general ability
(MMLU).

E Robustness to a Heterogeneous Panel

To test whether our conclusions depend on using
a single pre-training series, we augment the 26
Qwen checkpoints with 8 independently trained
models spanning four families and multiple scales:
Gemma3-12B-pt, Gemma3-4B-pt, Llama-3.1-8B,
Qwen2.5-14B, Qwen2.5-7B, Qwen3-14B-Base,
Qwen3-8B-Base, and Qwen3-4B-Base. The result-
ing 34-model panel covers diverse architectures,
tokenizers, training corpora, and parameter scales
(4B–14B). We re-run the analyses of Sections 4
and 5 on this expanded panel under an otherwise
identical setup.

As shown in Table 3, the Spearman correla-
tion between feature-based redundancy R̂(D) and
performance-based redundancy R(D) remains un-
changed at ρ = 0.85, confirming that the rela-
tive ranking of benchmarks by redundancy is ro-
bust to panel composition. The Pearson correla-
tion decreases from 0.82 to 0.72, which we at-
tribute to shifts in the absolute values of R(D) in-
duced by architecturally diverse models rather than
to a change in rank order. For inter-benchmark

similarity (Section 5), the correlation between
symmetric feature overlap and performance-based
partial correlation remains essentially unchanged
(75.5% → 75.2%). Because benchmark analysis
is fundamentally about relative comparisons be-
tween benchmarks, the stability of the Spearman
and inter-benchmark correlations provides strong
evidence that our SAE-based metrics generalize
beyond a single model family.

Model Panel Spearman ρ Pearson

Original (26 Qwen checkpoints) 0.85 0.82
Expanded (26 + 8 heterogeneous) 0.85 0.72

Table 3: Intra-benchmark redundancy: correlation be-
tween R̂(D) and R(D) under the original homogeneous
panel and the expanded heterogeneous panel. The Spear-
man (rank) correlation is unchanged; the Pearson corre-
lation shifts only because the absolute redundancy scale
changes with a more diverse panel.

F Size-Matched Redundancy Control

Figure 1 contrasts the rank-correlation curves of
GPQA-Diamond (K = 198) and GSM8K (K =
1,319). To verify that the gap is not merely an
effect of GPQA-Diamond’s smaller size, we sub-
sample GSM8K to 198 examples (matching GPQA-
Diamond) and recompute its redundancy, repeating
the subsampling 10 times with different random
seeds. Even at the same sample count, GSM8K’s
redundancy (R = 0.794± 0.010) remains substan-
tially higher than GPQA-Diamond’s (R = 0.542).
The gap therefore reflects intrinsic differences in
benchmark redundancy rather than a sample-count
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artifact.

G Use Of AI Assistants

During the preparation of this manuscript, we used
large language models (LLMs) solely for assistance
with grammar correction and phrasing improve-
ments. All scientific content, experimental analy-
ses, methodological decisions, and citations were
conceived, critically reviewed, and validated en-
tirely by the authors, who retain full responsibility
for the integrity and accuracy of the work.
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