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Abstract

Benchmark quality metrics such as discrim-
inability and saturation are typically reported
as stable properties of datasets. We argue they
are not: these metrics are computed on spe-
cific model populations and vary substantially
across them. This population-dependence is
rarely acknowledged in benchmark reports or
leaderboards, yet it is a fundamental source of
variation in how benchmark quality should be
interpreted.

We formalize this position as the Capability
Alignment Hypothesis: benchmark informa-
tiveness depends on the alignment between
item difficulty and the capability distribution
of evaluated models. Empirically, we show
that discriminability follows an inverted-U re-
lationship with difficulty, where items that are
too easy or too hard for a given population
yield weak discrimination. We introduce the
Capability Alignment Score (CAS), combin-
ing difficulty alignment and ability-consistent
discrimination, as a complementary diagnostic
signal alongside existing metrics. Experiments
across math and reasoning benchmarks confirm
that CAS captures alignment-related structure
not fully reflected in current measures.

1 Introduction

Benchmark results are central to progress claims
in LLM research (Liang et al., 2023). In practice,
benchmark scores are often treated as reliable ev-
idence for comparing models, tracking progress,
and selecting deployment candidates (Wu et al.,
2023; Javaji et al., 2025). However, recent work
has shown that benchmark behavior itself can be
unstable or misleading: top models can become
compressed on leaderboards (saturation), models
can be weakly separated, and rankings can vary
across benchmark choices assessing the same phe-
nomenon (Hofmann et al., 2025; Alzahrani et al.,
2024).

These findings have prompted several lines of
benchmark-quality assessment, producing metrics
for separability, ranking consistency, and satura-
tion (Qian et al., 2026; Hofmann et al., 2025). Yet
these diagnostics primarily characterize outcomes
of evaluation; they do not explain when a bench-
mark is likely to be informative for a given model
population (Bean et al., 2025).

One subtler issue has received little atten-
tion: benchmark quality metrics are inherently
population-sensitive. Discriminability, saturation,
and other quality metrics are computed on a spe-
cific set of models, yet they are typically reported
as properties of the benchmark itself, without refer-
ence to the capability distribution of the evaluated
population. This practice obscures an important
source of variation: the same benchmark may ex-
hibit high discriminability for one model popula-
tion and low discriminability for another.

In this paper, we focus on one specific mecha-
nism: difficulty—capability alignment. Our cen-
tral observation is that benchmark informativeness
depends on where item difficulty lies relative to
model capability. When items are too easy for
nearly all models, evaluations saturate and discrim-
inability declines (ceiling effects). When items are
too hard for nearly all models, discriminability also
declines (floor effects). The most informative re-
gion typically appears near intermediate difficulty,
where models are partially but not uniformly suc-
cessful, consistent with classical and NLP-adapted
Item Response Theory perspectives on measure-
ment information (Cappelleri et al., 2014; Byrd and
Srivastava, 2022). Figure 1 provides a conceptual
overview of these regimes.

This leads to our Capability Alignment Hy-
pothesis: benchmark items are most informative
when their difficulty is aligned with the capability
frontier of the evaluated models. Under this view,
benchmark quality is not an intrinsic property of
a dataset alone; it is a relational property between
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Figure 1: Capability alignment: benchmark informativeness is highest when item difficulty aligns with model

capability, and degrades under ceiling or floor regimes.

an item distribution and a model population. The
same benchmark can therefore be informative in
one capability regime and much less informative
in another, a pattern also emphasized in dynamic-
benchmark and population-dependent evaluation
perspectives (Kiela et al., 2021; Ethayarajh and
Jurafsky, 2020). This relational framing implies
that benchmark quality assessments should always
be reported alongside the capability distribution
they were computed on and even considered during
benchmark design and items composition, which
seems to mostly fall under implicit assumptions
from both benchmark creators and users.

To put this into practice, we introduce the Ca-
pability Alignment Score (CAS), an item-level
alignment signal that combines (i) difficulty posi-
tioning (via entropy of item success rate) and (ii)
ability-consistent discrimination (via rank corre-
lation with model ability). We aggregate CAS at
benchmark level and analyze its relationship with
existing quality metrics.

Across math and reasoning benchmarks, we find
recurring evidence consistent with this framing: (1)
an inverted-U relationship between difficulty and
discriminability, (2) strong empirical association
between higher CAS, higher DS, and lower satu-
ration (Appendix C), and (3) practical gains from
CAS-aware filtering in DS/saturation trade-offs.

Our main contributions are:

* We formalize the Capability Alignment Hy-
pothesis that benchmark quality is a relational
property between item difficulty and model
capability and provide empirical support via
an inverted-U relationship between difficulty
and discriminability.

* We propose the Capability Alignment Score
(CAS) as a diagnostic and predictive metric to
complement existing benchmark-quality met-
rics.

* We demonstrate that CAS-informed filtering
improves discriminability and reduces satura-
tion.

Section 2 reviews related work and the
benchmark-quality metrics used throughout. Sec-
tion 3 presents empirical difficulty-dependent be-
havior. Section 4 introduces the Capability Align-
ment Hypothesis and CAS. Sections 5 and 6 de-
scribe experiments and results, followed by discus-
sion, limitations, and future directions.

2 Related Work and Adopted Benchmark
Metrics

From static leaderboards to broad evaluation
ecosystems. NLP benchmarking has evolved
from relatively focused static suites to broader,
more heterogeneous evaluation pipelines. Foun-
dational benchmarks such as GLUE and Super-
GLUE established standardized multi-task evalua-
tion protocols for language understanding (Wang
et al., 2018, 2019). More recent efforts expanded
scope in both task diversity and capability cover-
age, including MMLU, BIG-bench, and HELM
(Hendrycks et al., 2020; Srivastava et al., 2022;
Liang et al., 2023). In parallel, Dynabench argued
that static benchmarks can quickly become stale
and proposed dynamic data collection to sustain
challenge and reduce overfitting to fixed test sets
(Kiela et al., 2021).



Benchmark quality metrics and saturation anal-
ysis. A growing line of work evaluates bench-
mark quality itself rather than only model accu-
racy. Fluid Benchmarking reframes evaluation as
benchmark refinement and assesses quality along
four dimensions: efficiency, validity, variance, and
saturation, showing that IRT-based latent ability
estimation plus dynamic item selection can outper-
form static evaluation pipelines across these axes
(Hofmann et al., 2025). Benchmark? introduces
a complementary multi-metric framework based
on cross-benchmark ranking consistency (CRBC),
discriminability score (DS), and capability align-
ment deviation (CAD), and shows that selective
benchmark construction can preserve ranking fi-
delity with fewer items (Qian et al., 2026). In
this paper, we use these metrics as reference sig-
nals: CRBC (Rank 7) measures agreement be-
tween model rankings across related benchmarks;
DS measures how strongly a benchmark separates
model performance; and CAD (as implemented
in Benchmark? via transformed inversion rate) as-
signs higher values to better capability-order align-
ment. Complementarily, saturation-focused work
defines benchmark plateauing as loss of reliable dis-
criminative power among top models and measures
it with an uncertainty-aware saturation index (S-
index), which captures top-leaderboard compres-
sion under uncertainty-aware comparison (Akhtar
et al.,, 2026). For interpretability, CAS, CAD,
and S-index are in the [0, 1] range; CRBC is in
[—1, 1]; DS is non-negative but theoretically un-
bounded. Higher CRBC/DS/CAD indicate bet-
ter benchmark quality signals, while a higher S-
index indicates stronger saturation, which is unde-
sirable. These studies produce practical diagnostics
for leaderboard behavior, but primarily character-
ize outcomes (e.g., compression, separability, and
ranking consistency) rather than explicitly model-
ing how those outcomes depend on item difficulty
relative to model capability.

Validity and interpretability of benchmark
claims. Beyond metric behavior, recent work em-
phasizes the validity of claims drawn from bench-
mark scores. In particular, construct-validity anal-
yses argue that benchmark evidence should be in-
terpreted through the full chain from phenomenon
definition to task operationalization, scoring, and
downstream claims (Bean et al., 2025). Earlier cri-
tiques of leaderboard practice likewise note that
score gains do not necessarily translate to user util-

ity or scientific progress (Ethayarajh and Jurafsky,
2020). This perspective motivates moving from
“which benchmark has higher scores” to “under
what conditions is benchmark-based measurement
decision-useful.”

Psychometric perspectives and Item Response
Theory. Our work is also related to psychome-
tric test theory, especially Item Response Theory
(IRT), where measurement quality depends on the
relationship between latent ability and item param-
eters such as difficulty and discrimination (Rasch,
1960; Lord, 1980; Embretson and Reise, 2000).
IRT-inspired NLP studies have used this perspec-
tive to build evaluation scales, infer item charac-
teristics, and analyze heterogeneity in benchmark
instances (Lalor et al., 2016, 2019; Rodriguez et al.,
2022). These efforts support the idea that bench-
mark informativeness is inherently population-
dependent; however, they typically do not provide
an alignment-focused benchmark-level diagnostic
directly tied to modern LLM evaluation and LLM
benchmarks quality assessment.

3 Motivating Observations: How
Benchmark Behavior Depends on
Difficulty

Existing benchmark quality metrics quantify how
well benchmarks differentiate model performance,
but do not account for how benchmark behavior
depends on the interaction between task difficulty
and model capability. Even when a benchmark is
designed to measure a valid phenomenon, its ability
to provide informative comparisons depends on
where its items lie relative to the evaluated models.

In this section, we analyze how benchmark be-
havior varies with item difficulty, and how this
affects discriminability and saturation. We observe
recurring patterns across multiple benchmarks in
our setup, though with some variability due to the
limited number of evaluated models.

3.1 Metrics Capture Outcomes, Not Causes

Existing metrics such as DS, S-index, CRBC, and
CAD (defined in Section 2) quantify different as-
pects of benchmark quality. DS measures how well
a benchmark separates models in terms of perfor-
mance, while the S-index captures the degree of
compression among top-performing models.

While these metrics describe observable proper-
ties of benchmark outcomes, they do not explain
when or why these properties arise.



Difficulty-dependent behavior. To investigate
this, we analyze benchmark performance as a func-
tion of item difficulty. We define the difficulty of
an item ¢ as 1 — p;, where p; is the mean accuracy
across evaluated models.

Binned DS and S-index vs Problems Sorted by Measured Difficulty (1 - mean acc) (POLY MATH, bin size=150)

Figure 2: Discriminability Score (DS, left axis, black)
and Saturation Index (S-index, right axis, green) across
difficulty bins for PolyMath. Item difficulty is defined
as 1 — p;, where p; is mean accuracy across models.

Figure 2 shows how DS and S-index vary across
difficulty bins for a representative benchmark (an
additional GPQA-Diamond example is provided
in Appendix A, Figure 7). We observe a recurring
pattern:

* For low-difficulty items, most models succeed,
leading to low discriminability and higher sat-
uration (ceiling effects).

* As difficulty increases, discriminability tends
to improve while saturation decreases.

 For high-difficulty items, most models fail,
and discriminability decreases again (floor ef-
fects).

These observations are consistent with an
inverted-U relationship between difficulty and dis-
criminability, where benchmarks tend to be most
informative at intermediate difficulty levels.

Benchmark-defined vs. empirical difficulty.
We further analyze benchmark behavior using dif-
ficulty labels provided by the benchmark itself,
rather than difficulty inferred from model accuracy.

Using benchmark-provided labels yields a sim-
ilar high-level trend but a different discriminabil-
ity profile than the model-based definition (Ap-
pendix A, Figure 8). In particular, items labeled
as “easy” by the benchmark can still exhibit rela-
tively high discriminability when evaluated on the
models in our setup.

This discrepancy suggests that difficulty is not
an absolute property of benchmark items, but de-
pends on the capability of the evaluated models.

As a result, the same item may function as trivial,
informative, or overly difficult depending on the
model population.

This observation further supports the view that
benchmark effectiveness depends on the alignment
between item difficulty and model capability.
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Figure 3: Distributions of model ability (0,, =
mean accuracy) and item difficulty (1 — p;) for GPQA-
Diamond, before (top) and after (bottom) filtering based
on DS and CAD. OVL denotes the Overlapping Coeffi-
cient between the two distributions.

Ability-difficulty interaction. To further exam-
ine this interaction, we analyze the distributions of
model ability and item difficulty.

Figure 3 and the PolyMath counterpart in Ap-
pendix B (Figure 9) show that when the distribution
of item difficulty is misaligned with model ability
(e.g., mostly too easy or too difficult), benchmarks
tend to exhibit lower discriminability. In contrast,
when difficulty overlaps with the ability distribu-
tion, discriminability tends to increase. We also
observe that the Overlapping Coefficient (OVL),
which measures the shared area between the two
distributions, usually increases after quality-based
filtering. However, a few benchmarks show the
opposite behavior, where overlap decreases further.

These observations point to the same conclusion:
benchmark effectiveness depends on the alignment



between item difficulty and model capability, not
difficulty alone.

4 Capability Alignment

The empirical patterns above suggest that bench-
mark quality is not determined solely by task de-
sign or metric choice, but also by how item diffi-
culty interacts with the capability of the evaluated
models.

These patterns motivate the Capability Align-
ment Hypothesis:

Capability Alignment Hypothesis. Benchmark
quality is best understood as a relational property:
items are most informative when their difficulty
aligns with the capability frontier of the evaluated
models. Under this view, a benchmark that discrim-
inates well for one model population may saturate
or under-discriminate for another.

This hypothesis provides a potential explanation
for the observed inverted-U pattern: items that are
too easy lead to ceiling effects, while items that
are too difficult lead to floor effects. In contrast,
items near the capability frontier are more likely to
distinguish between models.

A direct implication is that benchmark quality
cannot be assessed in isolation from the model pop-
ulation. Benchmark reports that omit this context
risk overinterpreting or underinterpreting observed
scores. In practice, this means that a reported dis-
criminability score on one model population pro-
vides limited evidence about discriminability on a
different population.

In the following section, we introduce a metric
that allows us to put this principle into practice.

4.1 Capability Alignment Score (CAS)

To measure the Capability Alignment Hypothesis
in practice, we introduce the Capability Alignment
Score (CAS), a metric that quantifies how well a
benchmark aligns with the capability distribution
of a given set of models.

Model ability. We first define the ability of a
model m on a benchmark as its average accuracy
across all items:

1 N
Om =~ Z;yzm, ey

where y; ,,, denotes the score of model m on item
i. In most benchmarks, y; ,, € {0, 1}, though the
formulation also applies to continuous scores.

Item-level alignment. We define the Capability
Alignment Score for an item ¢ as:

CAS; = (—pilogy pi — (1 — pi)logy(1 — pi))
Difficulty Alignment

x  max(0, p(Om,Yim))

Ability-Consistent Discrimination

2

where p; is the mean accuracy of item ¢, and
p(0rm, yim) is the Spearman rank correlation be-
tween model ability and item outcomes. CAS
ranges in [0, 1], where larger values indicate better
capability alignment.

The overall CAS of a benchmark is computed as
the average across all items:

N
1
C’A’él‘S’benchmaurk = N Zl CAS’L (3)
P
Interpretation. CAS combines two complemen-

tary components: a measure of how well an item
is positioned relative to model capability, and a
measure of whether the item produces meaningful,
ability-consistent differences between models.

1. Right Difficulty (Entropy) 2. Right Ordering (Correlation)

Weak — Strong Models
1 No signal ——

1 No signal

D@@@  High signal

Expected: D@@@ Y Rewards strength

Calibrated ®@@@® ! Noisy/Random

Figure 4: Illustration of the two components of CAS.
The entropy term is maximized when model responses
are split between correct and incorrect outcomes, in-
dicating high informativeness. The correlation term
down-weights items where responses are not aligned
with model ability (e.g., noisy or inconsistent ordering).

Difficulty alignment (entropy). The first term
is the binary entropy of p;, which captures how
informative the item is with respect to the model
population. Entropy is low when nearly all models
either succeed or fail on the item, and is maximized
when the population is split between correct and
incorrect responses.

This term therefore favors items that lie near the
capability frontier, where some models succeed
while others do not, making the item informative
for distinguishing between models.

Ability-consistent discrimination (correlation).
The second term measures whether item outcomes



are consistent with the overall ability ordering of
models. Rather than relying on model size or scale,
we define stronger and weaker models based on
their empirical performance 6,,,, making the formu-
lation model-agnostic.

An item may exhibit a mix of correct and incor-
rect responses, yet still be uninformative if weaker
models perform similarly to stronger ones. Such
cases may arise from noise, ambiguity, or random
guessing.

To account for this, we compute the rank corre-
lation between model ability and item outcomes.
Items with low or negative correlation indicate in-
consistent ordering (e.g., inversions), and are down-
weighted or ignored through the max(0, -) term.
Figure 4 illustrates both components.

S Experiments

We evaluate the Capability Alignment Hypothesis
and the effectiveness of CAS across a diverse set of
benchmarks and models. Our experiments are de-
signed to examine (1) how alignment relates to ex-
isting benchmark quality metrics, and (2) whether
CAS provides a useful signal for identifying infor-
mative benchmark items.

Models. We evaluate six models spanning a
range of capabilities from approximately 1.5B to
14B parameters. Specifically, we use three mod-
els from each of the Qwen3.5 (Qwen Team, 2026)
and DeepSeek-Distill-Qwen (DeepSeek-Al, 2025)
families:

¢ Qwen3.5: 2B, 4B, 9B
* DeepSeek-Distill-Qwen: 1.5B, 7B, 14B

These models provide a range of capabilities
while maintaining relative architectural consistency
within each family.

Benchmarks. We consider seven benchmarks
spanning mathematical reasoning and general
knowledge:

* Mathematics: AIME 2024, AIME 2025
(Mathematical Association of America, 2025),
PolyMath (Wang et al., 2025), MGSM (Shi
et al., 2022)

* General reasoning: GPQA-Diamond (Rein
et al., 2023), MMLU-Redux (Gema et al.,
2025), C-Eval (Huang et al., 2023)

These benchmarks cover a range of domains, dif-
ficulty levels, and evaluation formats, enabling us
to analyze how benchmark behavior varies across
different task distributions.

Evaluation setup. We use EvalScope (Mod-
elScope Team, 2024) as the evaluation framework
and vLLM (Kwon et al., 2023) for inference. All
models are evaluated under a consistent generation
setup with a maximum output length of 6144 to-
kens, temperature 0.7, and top-p 0.8. Reasoning
modes are enabled where applicable.

6 Results

This section addresses four questions: (1) what the
full, unfiltered benchmarks look like; (2) whether
alignment-related patterns emerge across item dif-
ficulty; (3) whether CAS adds practical value for
benchmark filtering; and (4) an ablation study on
the CAS metric.

6.1 Baseline Full-Benchmark Metrics

Table 1 reports benchmark-level metrics before any
filtering. CAS is generally low to moderate across
datasets, with MGSM as a notable high-CAS case.
These baseline values provide the reference point
for all subsequent analyses.

Table 1: Benchmark-level quality metrics on full
datasets before any filtering.

Dataset CRBC DS CAD CAS S-index Item Count
Math
AIME24 0.344 1.081 0.587 0.215  0.065 30
AIME25 0.389 0.734 0.301 0.178  0.270 30
MGSM 0.221 0.524 0.365 0.520  0.000 2750
PolyMath 0.408 0.424 0.499 0.203  0.000 9000
Reasoning
C-Eval 0.400 0.187 0.206 0.263  0.006 1346
GPQA-Diamond 0.000 0.248 0.166 0.187  0.236 198
MMLU-Redux 0.200 0.157 0.548 0.238  0.002 5700

6.2 Does the Alignment Pattern Emerge
Across Difficulty?

To examine difficulty-dependent behavior, we bin
items by empirical difficulty (defined as 1 —p;) into
four levels (easy, medium, hard, very hard), and
compute CAS, DS, and S-index per bin.

Figure 5 shows that DS typically peaks around
intermediate difficulty, consistent with the inverted-
U pattern observed earlier. CAS generally follows
this trend, indicating that informative regions often
align with the model capability frontier. In some re-
gions (e.g., the hardest MGSM bin), CAS deviates
from DS and becomes more sensitive to saturation-



Figure 5: CAS, DS, and S-index across empirical diffi-
culty bins for two representative benchmarks (MGSM,
top; MMLU-Redux, bottom).

related effects, suggesting that alignment and dis-
criminability are related but not identical signals.

6.3 Does CAS Add Value for Quality
Filtering?

To evaluate practical utility, we follow selective
benchmarking from Benchmark? (Qian et al., 2026)
and compare filtering rules with and without CAS.
Our baseline is DS+CAD filtering (Qian et al.,
2026), and we then evaluate combinations that add
CAS.

We sweep CAS thresholds across all benchmarks
and share C-Eval as a representative visualization
(Appendix E, Figure 13). Across datasets, the
region around CAS > 0.4 provides a practical
DS/saturation trade-off, so we use the following
thresholds in the filtering experiments:

* DS: keep top 35% items,
* CAD: > 0.15,

* CAS: > 04.

Table 2: Average metric changes by filter combination
(relative to full-benchmark baselines). Higher is better
except for retention and AS-index.

Filter Ret. | ADST ACAD?T AS| RankT 1
DS+CAD+CAS [20.4% +0.162 +0.582 -0.057  0.782
CAD+CAS 23.1% +0.151 +0.582 -0.057 0.807
DS+CAS 33.1% +0.219 -0.012 -0.057 0.964
DS+CAD 354% +0.131 +0.582 +0.005 0.670

Table 2 shows that adding CAS improves the
DS/S-index trade-off compared with the DS+CAD
baseline, while preserving strong rank consistency.

CAS-inclusive filters also retain fewer items, in-
dicating higher compression with equal or better
benchmark quality signals. Overall, this suggests
that CAS contributes additional information be-
yond DS and CAD for item selection.

6.4 An Ablation Study

This subsection reports two complementary diag-
nostics: (1) bootstrap stability of CAS-related ef-
fects across benchmarks, and (2) a K -fold valida-
tion confirming that the CAS alignment signal is
not an artifact of coupling between ability estimates
and item-level correlations.

We assess robustness with non-parametric boot-
strap over items. For each benchmark, we resample
items with replacement (/V items per resample), re-
compute benchmark-level metrics (DS, S-index,
CAS), and apply CAS-only filtering (threshold 0.4)
to obtain filtered DS. We then report mean and 95%
percentile confidence intervals for correlation and
improvement estimates.

How CAS-DS correlation is computed. DS is
not defined at the item level, so we estimate CAS—
DS association at the bin level. In each bootstrap
sample, items are grouped into fixed difficulty bins
using mean accuracy (p;), then Spearman corre-
lation is computed across bin-level CAS and DS
values.

Benchmark CAS-DS Corr ADS (Filtered)
AIME24 0.01 [0.00, 0.00]  0.00 [-0.00, 0.00]
AIME25 -0.31 [-0.80, 0.40]  0.14 [0.00, 0.30]
MGSM -0.02 [-0.10, 0.30]  0.07 [0.05, 0.09]
PolyMath 0.24 [0.10,0.50]  0.16 [0.13,0.17]
C-Eval -0.04 [-0.30, 0.60]  0.33[0.29, 0.37]
GPQA-Diamond 0.15 [-0.60, 0.80]  0.41 [0.25, 0.60]
MMLU-Redux 0.77 [0.50, 0.90]  0.33 [0.30, 0.34]

Table 3: Bootstrap estimates (mean and 95% CI) for
within-benchmark CAS-DS correlation and DS im-
provement after CAS-based filtering (threshold 0.4).

Table 3 indicates that very small benchmarks
(e.g., AIME) yield unstable CAS-DS correlations,
with wide intervals and limited gains in some
cases. In contrast, medium and large benchmarks—
especially reasoning datasets—show more consis-
tent DS improvements after CAS filtering, even
when correlation estimates vary.

Assessing statistical leakage in CAS. To ad-
dress potential coupling between ability estimates
and item-level correlations, we recompute CAS
using stratified K-fold splits where model abil-
ity is estimated on held-out items (details in Ap-
pendix D). Figure 6 shows that the alignment pat-



tern remains consistent between raw CAS and K-
fold CAS, indicating that the correlation term in
CAS is robust to this coupling concern. This gener-
alizes to the other benchmarks as well, where small
benchmarks like AIME showed similar variation as
GPQA-Diamond, and bigger benchmark showed
almost no difference between raw and K -fold CAS.

CAS vs Difficulty (1

an accuracy) - K-fold stratified (K=5, strata=4)

CAS (item) —e— CAS
Kfold CAS (item) K

0.8

CAS

0.4

0.0

0.0 02 04 0.6 0.8 10
Item difficulty (1 - mean accuracy)

Figure 6: K-fold CAS (orange) and raw CAS (blue)
for GPQA-Diamond plotted against empirical item dif-
ficulty. Points show individual items; lines show binned
means.

7 Discussion

CAS is best interpreted as a diagnostic metric
for benchmark structure. It measures difficulty—
capability alignment and provides a signal consis-
tently associated with lower saturation and stronger
discriminability. At the same time, our ablation
analysis (Section 6.4) shows that CAS is a strong
candidate to quantify difficulty-capability align-
ment and how it can provide consistent gains for
discriminability as well.

This has practical implications for benchmark
design: (1) benchmark reports should include align-
ment diagnostics (e.g., ability—difficulty distribu-
tions), not only aggregate scores; (2) the targeted
model population should inform item composition
during benchmark construction; and (3) benchmark
maintenance should be treated as a lifecycle pro-
cess, with item pools rebalanced as model frontiers
shift. For benchmarks intended to evaluate multiple
populations, explicit stratification into capability
classes, each with items optimized for within-class
discrimination, would clarify where a benchmark
is informative and where it saturates.

Finally, this work complements existing meta-
evaluation frameworks. Following validity-
oriented analyses (Bean et al., 2025), capability
alignment is best treated as one validity-relevant
dimension: whether items operate in a capability

regime where scores carry meaningful discrimina-
tive evidence for the target population.

8 Limitations and Future Work

Limitations. This study has several limitations.
First, our model pool is relatively small and con-
centrated in two related families. As a result, the
observed alignment patterns may be sensitive to the
sampled capability range and may not fully trans-
fer to broader model populations. In particular,
benchmarks that appear informative for this popu-
lation may behave differently for stronger, weaker,
or architecturally different models.

Second, several analyses depend on item count
and binning granularity. Correlation and trend es-
timates are less stable on small benchmarks (e.g.,
AIME-scale datasets), where bootstrap intervals
are wide and difficulty-bin statistics can be noisy.
These effects limit confidence in fine-grained con-
clusions for low-sample settings.

Third, CAS is population-dependent by design
and currently uses ability estimates derived from
the same evaluation pool. While this is consistent
with our relational framing, it can introduce depen-
dence between alignment estimates and observed
benchmark outcomes. Our current evidence there-
fore supports strong empirical association, but not
strict causal identification.

Future work. Our next step is to scale the study
across more model families, broader capability
ranges, and additional benchmark domains. A natu-
ral extension is to address multi-modal distributions
of model abilities and problem difficulty through
broader analysis and a more generalized setup, and
to develop a framework that automatically discov-
ers capability classes from model-response pat-
terns, then evaluates class-specific item pools for
within-class discrimination and staged progression.

A further direction is to evaluate the same bench-
mark against structurally different model popula-
tions, such as comparing how quality and discrim-
inability signals shift across capability tiers, model
families, or training paradigms. A related and
sharper test is to partition a population by release
date relative to the benchmark: models released
before the benchmark was published versus those
released after. Since post-release models may have
been trained with awareness of the benchmark, this
split offers a natural probe for contamination ef-
fects and can reveal how much of the observed



alignment signal degrades or shifts as the popula-
tion changes.
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A Additional Difficulty Analyses

This section provides additional evidence for the
difficulty-dependent behavior described in Sec-
tions 3 and 6, showing how the same interpretation
transfers across benchmarks and difficulty defini-
tions.

Figure 7: Discriminability Score (DS, left axis, black)
and Saturation Index (S-index, right axis, green) across
difficulty bins for GPQA-Diamond. Item difficulty is
defined as 1 — p;, where p; is mean accuracy across
models.

Figure 7 reproduces the inverted-U behavior ob-
served in the main text: low-difficulty regions tend
to be saturation-prone, intermediate regions are
more discriminative, and very hard regions can
lose discriminative power under floor effects. This
supports the claim that benchmark informativeness
depends on where items sit relative to model capa-
bility.

Figure 8: Discriminability Score (DS) and Saturation
Index (S-index) across benchmark-provided difficulty
levels (PolyMath).

Figure 8 complements this by using benchmark-
provided labels instead of empirical difficulty esti-
mated from model accuracy. The qualitative pattern
is similar but not identical: items labeled as “easy’
can still be discriminative for the model pool used
here. This mismatch reinforces the interpretation
that item difficulty is population-relative rather than
absolute.

>
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B Additional Ability-Difficulty
Distributions

This section compares model-ability and item-
difficulty distributions before and after filtering for
PolyMath, serving as the counterpart to the GPQA-
Diamond example in Figure 3.

POLY MATH: Ability vs Difficulty Distributions
DS=0.424 | S_index=0.000 | OVL=0.215

Problem difficulty (1 - mean item accuracy)
Model ability (mean model accuracy)

0.0 02 04 06 08 1.0
Score scale (0-1)

POLY MATH: Ability vs Difficulty Distributions
Filtered (CAD20.15, top 35% DS) | DS=0.754 | OVL=0.541

Problem difficulty (filtered)
Model ability (filtered)

\ \/ N
05‘/_/ \
0.0
0.0 02 04 06 08 10

Score scale (0-1)

Figure 9: Distributions of model ability (¢,, =
mean accuracy) and item difficulty (1 — p;) for Poly-
Math, before (top) and after (bottom) filtering based on
DS and CAD. OVL denotes the Overlapping Coefficient
between the two distributions.

Figure 9 shows that quality-aware filtering shifts
benchmark mass toward the model ability range,
removing regions that are mostly trivial or mostly
impossible for the evaluated models. Together with
the GPQA-Diamond example in the main text, this
supports the view that alignment is about distribu-
tional interaction, not difficulty alone.
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C Additional Correlation Plots

We test whether CAS is consistent with established
quality metrics by measuring the association be-
tween CAS, DS, and S-index within each domain.
For larger benchmarks, these relationships are com-
puted on benchmark subsets derived from difficulty
bins.

C.1 Math Benchmarks

Math | DS vs CAS
Spearman p = +0.769, p <0.05
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Figure 10: CAS correlation plots for math benchmarks
(DS vs. CAS, top; CAS vs. S-index, bottom).

Figure 10 shows a generally positive relationship
between CAS and DS, and a generally negative re-
lationship between CAS and S-index, across math
benchmarks. Effect strength varies, and estimates
are less stable in small-sample settings (see Ta-
ble 3).
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C.2 Reasoning Benchmarks

Reasoning | DS vs CAS
Spearman p = +0.936, p <0.05
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Figure 11: CAS correlation plots for reasoning bench-
marks (DS vs. CAS, top; CAS vs. S-index, bottom).

Figure 11 shows the same directional pattern out-
side the math domain: higher CAS co-occurs with
higher DS and lower S-index, matching the sign
pattern reported in Section 6. These plots should
be read as directional evidence rather than a claim
of uniform effect size across all benchmarks.



D K-Fold CAS Methodology

To mitigate potential coupling between ability es-
timates and item-level correlations, we recompute
model ability 6,,, using stratified K -fold splits over
items. Items are ranked by difficulty (1 — p;) and
partitioned into 4 quantile strata; within each stra-
tum, items are evenly distributed across K = 5
folds. For each fold, model ability is estimated on
the remaining K — 1 folds, and CAS is computed
on the held-out items. This produces a per-item
K -fold CAS that is decoupled from the item being
scored while preserving the difficulty distribution
within each fold.

As shown in Figure 6 in the main text, the align-
ment pattern remains consistent between raw CAS
and K-fold CAS, confirming that the correlation
term in CAS is robust to this coupling concern.

CAS vs Difficulty (1 - mean accuracy) - K-fold stratified (K=5, strata=4)

CAS (item) —e— CAS (bin
Kfold CAS (item) Kefold CAS (binned mean)

0.8

CAS

04

0.0

0.6 0.8 1.0

0.0 0.2 0.4
Item difficulty (1 - mean accuracy)

Figure 12: K-fold CAS (orange) and raw CAS (blue) for
C-Eval plotted against empirical item difficulty. Points
show individual items; lines show binned means.
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E Filtering Details

This section documents how the CAS threshold
used in Section 6 is selected. We evaluate thresh-
old behavior across all benchmarks and present
C-Eval as a representative example of the resulting
discriminability/saturation trade-off.

Metric Change vs CAS Filtering Threshold (CEVAL, step = 0.05)

144

04 06
CAS filter threshold

Figure 13: Threshold sweep on C-Eval for CAS-based
filtering. CAS > 0.4 yields a favorable balance between
higher DS and lower saturation.

Figure 13 shows that CAS > 0.4 provides a
practical operating point with improved DS and
reduced saturation. This cutoff is consistent with
threshold checks across other benchmarks and is
used for the filtering comparison in Section 6.
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