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Abstract

A benchmark is not merely a collection of test questions; it naturally induces an
empirical measure over difficulty. In this work, we develop this measure-based
view of benchmark evaluation. This perspective allows us to identify and formalize
two central failure modes: measure mismatch, where the benchmark difficulty
distribution differs from the intended difficulty distribution, and coverage gaps,
where uncovered regions along the difficulty axis prevent benchmarks from detect-
ing meaningful localized training progress. We propose two diagnostic metrics
that capture these two failure modes and provide rigorous theoretical guarantees.
Empirically, we analyze 25 popular benchmarks spanning 7 domains using care-
fully estimated item difficulties. Our results show that many benchmarks implicitly
overweight certain difficulty regions, so their leaderboard conclusions should be
interpreted with caution; others leave substantial portions of the difficulty axis un-
covered, limiting their ability to monitor the model improvement process. Finally,
we turn diagnosis into action by introducing BENCHFILL, a simple difficulty-
targeted item rewriting algorithm that effectively reduces local coverage gaps.

1 Introduction

Benchmark evaluation looks simple: we run models on a set of questions and average the results. The
resulting score is then used in two main ways: to compare models on leaderboards [2, 61, 29, 45],
and to monitor progress during training [33, 21, 16, 6, 38]. But this simplicity hides a basic issue: the
conclusion depends not only on how well models perform, but also on how benchmark questions are
distributed [58, 68].

Consider first the leaderboard setting in Fig. 1(a), where we want to compare two models. Suppose
they perform similarly on easy questions but differ substantially on hard ones. If the benchmark
places most of its weight on easy questions, while the difficulty distribution of interest places more
weight on harder questions, the two evaluations can lead to different conclusions for the same pair
of models: the benchmark may suggest that the two models are nearly tied, even though under the
desired difficulty distribution they are clearly separated. Now consider the training setting in Fig. 1(b),
where we want to track whether a model is improving. Suppose the model improves substantially
over a local difficulty range. If the benchmark has few or no questions in that region, the benchmark
score may barely change, even though the model has made real progress.

These two failure cases suggest that benchmark conclusions depend critically on how questions are
distributed. To study this structure systematically, we organize benchmark questions along a difficulty
axis, which provides a natural progression from easier to harder problems. The key conceptual step
is to use difficulty as a way to define the distributional structure of the benchmark itself. This view
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Figure 1: Two benchmark failure cases. In both panels, the curves show true model conditional
performance as a function of question difficulty. (a) Measure Mismatch. The benchmark emphasizes
easy questions, where the models perform similarly, while the difficulty distribution we care about
places more weight on harder questions, where they differ substantially. Because the benchmark and
the target distribution weight the difficulty axis differently, they lead to different conclusions for the
same two models. (b) Coverage Gaps. A model actually improves substantially over a localized
difficulty region. Because the benchmark has no questions in that region, this improvement is not
reflected in the observed benchmark score, causing meaningful training progress to be missed.

recasts a benchmark from a collection of test questions into an empirical measure over difficulty,
with each question contributing equal evaluation mass at its difficulty level.

This measure-theoretic formalization is useful because it turns the two failure cases above into precise
and analyzable problems about the benchmark-induced difficulty measure. The first is a measure
mismatch problem: the benchmark may distribute its mass differently from the target difficulty
distribution that represents the intended evaluation objective, so benchmark conclusions can differ
from the conclusions under the target difficulty distribution. The second is a coverage gap problem.
Because the benchmark is an empirical measure supported only on finitely many difficulty points,
there may be intervals of difficulty with little or no benchmark mass. A substantial performance gain
concentrated in such an interval may therefore produce little or no change in the benchmark score.
To our knowledge, this is the first work to identify and formalize measure mismatch and coverage
gaps as two fundamental failure modes of benchmark evaluation.

These two problems naturally lead to two simple diagnostic metrics: the Wasserstein distance [60]
between the benchmark measure and a target difficulty distribution, and the maximum gap between
adjacent benchmark difficulty points. We provide theoretical results showing that these quantities
directly characterize distributional mismatch and the detectability of localized improvements. Em-
pirically, we analyze 25 popular benchmarks spanning 7 domains. We estimate question difficulty
using Item Response Theory and compute the proposed metrics. Our results show that both issues
are prevalent across benchmarks.

Our key contributions are summarized as follows:

• We introduce a new measure-based perspective on benchmark evaluation, representing a benchmark
as an empirical measure over difficulty. This perspective formalizes measure mismatch and coverage
gaps, motivates two diagnostic metrics, and yields rigorous theoretical guarantees.
• We conduct an empirical study across 25 benchmarks spanning 7 domains, showing that both
difficulty-distribution mismatch and large coverage gaps are widespread in current benchmarks.
• We propose BENCHFILL, a simple difficulty-targeted gap-filling algorithm. With only three
inserted items per benchmark, BENCHFILL reduces the sum of the top three difficulty gaps by
21.09%–38.88%.

2 Formalization and Theory

Difficulty space and model performance function. We represent the difficulty of a benchmark
item, e.g., a question, by a continuous variable z ∈ [0, 1], where larger values correspond to harder
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items. For a model θ, let sθ(z) ∈ [0, 1] denote its conditional expected performance on items with
difficulty z, e.g., pass@1.

Benchmark distribution and score. Let a benchmark B = {xi}ni=1 consist of n items, and let
zi ∈ [0, 1] denote the difficulty of item xi. The benchmark score is SB(θ) :=

1
n

∑n
i=1 sθ(zi). This

average implicitly induces an empirical measure over the difficulty axis,

νB =
1

n

n∑
i=1

δzi ,

where δz denotes a point mass at difficulty z. Under this representation, the benchmark score is exactly
an integral with respect to the benchmark-induced difficulty measure, SB(θ) =

∫
sθ(z) dνB(z).

Performance difference between two models. For two models θ and θ′, define the difficulty-
conditioned performance difference as ∆(z) := sθ′(z)−sθ(z), where the dependence of ∆ on (θ′, θ)
is omitted for notational simplicity. The performance difference observed on benchmark B is

DB(θ
′, θ) := SB(θ

′)− SB(θ) =
1

n

n∑
i=1

∆(zi) =

∫
∆(z) dνB(z).

2.1 Measure Mismatch

Benchmark-induced coupling. The quantity DB(θ
′, θ) implicitly couples two distinct objects:

the model-dependent function ∆(z) and the benchmark-dependent measure νB . Thus, a leaderboard
comparison is not merely determined by the difficulty-conditioned performance difference between
the models; it also depends on how the benchmark allocates mass over the difficulty axis. If this
allocation differs from the difficulty distribution of interest, the benchmark aggregates the same
model difference under a mismatched measure. This mismatch can distort the observed model gap
and, in severe cases, change the induced ordering.

Target distribution. Formally, we introduce a target distribution µ ∈ P([0, 1]), which represents
the intended evaluation distribution over the difficulty space. This target distribution may encode the
desired application mix. Under µ, the target score of model θ and the target performance difference
between θ′ and θ are defined as

Sµ(θ) :=

∫
sθ(z) dµ(z), Dµ(θ

′, θ) := Sµ(θ
′)− Sµ(θ) =

∫
∆(z) dµ(z).

The discrepancy between DB(θ
′, θ) and Dµ(θ

′, θ) arises from the mismatch between the benchmark
measure νB and the target distribution µ. This viewpoint allows us to study distortions in leaderboard
comparisons as a distribution mismatch problem.

A metric for distribution mismatch. We measure how well the difficulty distribution of a bench-
mark matches a target difficulty distribution using the 1-Wasserstein distance. Specifically, for a
benchmark B with empirical difficulty measure νB and a target distribution µ on [0, 1], we define its
Difficulty Distribution Mismatch (DDM) as

DDM(B;µ) := W1(νB , µ) = inf
π∈Π(νB ,µ)

∫
[0,1]2

|u− v| dπ(u, v),

where Π(νB , µ) denotes the set of all couplings of νB and µ. Intuitively, W1(νB , µ) measures how
much probability mass must be transported, and how far, to transform the benchmark difficulty
distribution into the target one. The following theorem shows that this mismatch directly controls the
distortion between benchmark-based and target-based performance differences.
Theorem 2.1 (Distribution mismatch controls score distortion and rank stability). Suppose the
performance difference function ∆ is L-Lipschitz. Then∣∣DB(θ

′, θ)−Dµ(θ
′, θ)

∣∣ ≤ LW1(νB , µ).

Consequently, if |Dµ(θ
′, θ)| > LW1(νB , µ), then

sign
(
DB(θ

′, θ)
)
= sign

(
Dµ(θ

′, θ)
)
,

so the benchmark-induced ordering agrees with the target ordering, i.e., no rank flip can occur.
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Theorem 2.1 shows that W1(νB , µ) bounds how much the benchmark-induced score difference can
differ from the target score difference. A small W1(νB , µ) means that the benchmark provides a
faithful approximation to the target evaluation, while a large W1(νB , µ) indicates that the benchmark
may overemphasize some difficulty regions and underrepresent others, potentially distorting model
comparisons and even changing their induced ranking. App. B.1 provides the full proof and extends
this result to the finite-sample setting.

A principled target distribution without prior information. When prior information is available,
it is natural to choose µ to reflect the intended evaluation objective over the difficulty space. In many
settings, however, such prior knowledge is unavailable. In that case, choosing a non-uniform target
would implicitly privilege some difficulty regions over others without evidence. To characterize a
principled default choice, we consider an agnostic setting in which the location of the performance
difference along the difficulty axis is completely unknown. We consider the class

Fρ :=

{
∆ : [0, 1]→ [−1, 1] measurable :

∫ 1

0

∆(z) dz = ρ

}
, ρ ∈ (−1, 1).

This class encodes an uncertainty set: the signed performance difference has a fixed average level ρ
over the difficulty axis, but its location is otherwise unrestricted.

For any candidate target distribution µ ∈ P([0, 1]), define its worst-case retained difference by

Vρ(µ) := inf
∆∈Fρ

∫
∆(z) dµ(z).

The following theorem shows that, under complete uncertainty about where along the difficulty axis
the performance difference occurs, the uniform distribution is the unique maximin target, and is the
only choice whose worst-case retained difference remains equal to the average difference ρ.
Theorem 2.2 (Uniform target as the unique maximin choice). For ρ ∈ (−1, 1), we have

sup
µ∈P([0,1])

Vρ(µ) = ρ,

and the unique maximizer is the uniform distribution λ = Unif[0, 1].

Theorem 2.2 does not claim that the uniform distribution is universally optimal. Rather, it justifies the
uniform target as a principled default when no prior information over the difficulty space is available.
In that case, adopting the uniform target avoids introducing an additional preference over difficulty
regions and provides a neutrality criterion for benchmark evaluation: the evaluation does not privilege
any difficulty region a priori. Full proof is provided in App. B.1.

2.2 Coverage Gaps

Discrete benchmark measures may fail to monitor local training improvements. Benchmarks
are often used not only for final model comparison, but also to monitor training progress [16, 65,
38]. However, training improvements are often local rather than uniform: a model may improve
substantially over a particular difficulty range while improving only modestly elsewhere.

Recall that a benchmark score is an integral with respect to the benchmark empirical measure νB .
Since νB is a discrete measure supported only on the finitely many benchmark difficulty points, it
assigns zero mass to every interval that contains no benchmark item. Consequently, even if the model
improves substantially on a nontrivial contiguous difficulty region, the benchmark score may not
reflect this improvement when the region contains no benchmark item. In this sense, a benchmark
can fail as a progress monitor when its local resolution is insufficient.

Maximum gap. We first characterize the local resolution of a benchmark through its maximum gap.
Let 0 ≤ z(1) ≤ · · · ≤ z(n) ≤ 1 be the ordered benchmark difficulty points, and define z(0) := 0 and
z(n+1) := 1. The maximum gap of benchmark B is

G(B) := max
0≤j≤n

(
z(j+1) − z(j)

)
(1)

i.e., the length of the largest interval on the difficulty axis that contains no benchmark point.
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Figure 2: Overview of our benchmark difficulty estimation and metric calculation pipeline.
We collect empirical success rates from multiple LLMs on benchmark items, diagnose the response
matrix, fit a 1PL IRT model to estimate item difficulties, perform post-fit IRT diagnostics, and
compute two metrics over the normalized difficulty distribution.

A hypothesis testing formulation. To formalize whether a benchmark can reliably detect localized
training improvements, we cast the problem as a hypothesis test. Under the null hypothesis, there is no
improvement. Under the alternative, the post-improvement performance exceeds the pre-improvement
performance by at least a over some contiguous difficulty interval of width w. The following theorem
shows that the benchmark maximum gap G(B) is the exact asymptotic minimax detection boundary.
Theorem 2.3 (Maximum gap as an exact asymptotic minimax detection boundary). Fix a test level
α ∈ (0, 1) and a ∈ (0, 1]. Let s−, s+ : [0, 1] → [0, 1] denote the pre- and post-improvement
performance curves, respectively. For a benchmark B, let Π∗

α(B;w, a, k) denote the minimax
worst-case power of level-α tests based on k repeated samples per benchmark item for testing

H0 : s− = s+ versus H1 : ∃ interval I ⊂ [0, 1], |I| = w, s+(z)− s−(z) ≥ a ∀z ∈ I.

1. If w ≤ G(B), then Π∗
α(B;w, a, k) = α for every k ∈ N.

2. If w > G(B), then limk→∞ Π∗
α(B;w, a, k) = 1.

Therefore, G(B) exactly characterizes the asymptotic minimax detection boundary for benchmark B.

Theorem 2.3 shows that the discrete geometry of the benchmark induces a sharp detectability phase
transition. If the width of a local improvement does not exceed the maximum adjacent difficulty
gap, then no level-α test can achieve nontrivial worst-case power, regardless of how many repeated
evaluations are performed. In other words, such an improvement can be completely invisible to the
benchmark in the worst case. Once the improvement width exceeds the maximum gap, repeated
evaluation can eventually make the signal detectable. In this sense, G(B) characterizes the intrinsic
local resolution limit of benchmark B. The full proof is given in App. B.2.

3 Empirical Diagnosis of Current Benchmarks

We analyze a collection of widely used benchmarks from diverse domains using the two metrics
proposed earlier. Fig. 2 provides an overview of our difficulty estimation and metric calculation
pipeline. Specifically, we consider 25 popular benchmarks spanning math, coding, agentic tasks,
logic, science, instruction-following, and medicine. Detailed information about these benchmarks is
provided in App. C.1.

3.1 Difficulty Estimation and Metrics Calculation

Method: Item Response Theory. To estimate benchmark item difficulty, one may be tempted to
use each item’s average failure rate across models. However, item difficulty is inherently relative to
model ability: it should depend not only on how many models fail an item, but also on how capable
the models that fail or solve it are. We therefore use Item Response Theory (IRT), an established
psychometric framework [35, 49] that has been widely adopted for difficulty estimation in LLM
benchmark analysis [12, 52, 20, 25, 47, 69]. IRT models the probability that a model solves an item
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as a function of both model ability and item difficulty. In the commonly used one-parameter logistic
model (1PL), each model j is assigned an ability parameter θj , and each item i is assigned a difficulty
parameter bi. The probability that model j correctly solves item i is modeled as

Pr(Yij = 1) = σ(θj − bi),

where σ(·) is the logistic function. Intuitively, items with larger bi require higher model ability to
be solved correctly, and the estimated bi therefore provides a natural measure of item difficulty. For
multiple-choice benchmarks, the model above can be naturally extended with a guessing parameter.

In practice, difficulty estimation begins by collecting the performance of multiple models on bench-
mark items, forming a response matrix Y ∈ Rn×m, where Yij denotes the empirical success rate
of model j on item i. The latent abilities {θj}mj=1 and item difficulties {bi}ni=1 are then estimated
by fitting the likelihood induced by the IRT model. To ensure reliable difficulty estimation, we take
several practical measures, including careful model selection and rigorous IRT fitting diagnostics.

Model selection. Accurate difficulty estimation requires models with diverse capability levels. To
ensure sufficient ability coverage, we deliberately select models spanning a wide range of capabilities.
For non-agentic benchmarks, we select 12 LLMs, ranging from 1.7B to 397B parameters, using the
public leaderboard from Text Arena1. Models are first ordered by their overall capability aggregated
across multiple domains, then divided into several approximately equal intervals along this ranking.
We perform stratified sampling by selecting one model from each interval and additionally include
a few models from both the top and bottom of the ranking to better capture the extremes of the
capability spectrum. Each selected model is evaluated on each benchmark item with up to 32 rollouts
using the model-recommended temperature and top-p. For agentic benchmarks, tasks typically
require strong proprietary models. We therefore rely on the evaluation results from HAL [24], which
reports the performance of 15–66 state-of-the-art closed-source LLMs on agentic task benchmarks.
Detailed information about the models is provided in App. C.2.

IRT fitting and diagnostics. We estimate the IRT parameters using Bayesian inference via MCMC.
To ensure reliable difficulty estimation, we perform a series of diagnostics both before and after IRT
fitting. Before fitting, we examine the informativeness and structural consistency of the response
matrix using 4 metrics. After fitting, we assess convergence and sampling quality using 3 standard
Bayesian diagnostics, including the Gelman–Rubin statistic (R̂), effective sample size (ESS), and
the number of divergent transitions. All benchmarks pass all 7 diagnostic checks. For non-agentic
benchmarks, we further conduct a leave-one-out (LOO) robustness analysis. Results suggest that
our choice of 12 models is sufficient for stable difficulty estimation. To support future work, we will
open-source the carefully curated difficulty estimates for the 25 benchmarks. Detailed definitions and
diagnostic results are provided in App. C.3. We also provide additional model-comparison analyses
against 2PL and multidimensional IRT models in App. C.5.

Proposed metric calculation. For each benchmark, after estimating item difficulties, we first
normalize them to [0, 1] and compute their empirical cumulative distribution function (ECDF).
Since in general no additional prior information over the difficulty space is available, we quantify
distribution mismatch by computing the 1-Wasserstein distance between the benchmark empirical
measure and a same-size empirical uniform reference on [0, 1]. In one dimension, this is equivalently
the L1 distance between their ECDFs. We compute the maximum gap according to Eq. (1) and also
report the sum of the five largest adjacent gaps as a reference metric. We provide posterior uncertainty
analyses for both metrics in App. C.6.

3.2 Results and Analysis

Several benchmarks exhibit large deviations from the neutral uniform target. Tab. 1 shows that
10 out of 25 benchmarks have DDM ≥ 0.10, indicating that their empirical difficulty distributions
must be transported by an average distance of at least 10% of the full difficulty range to match
the same-size uniform reference. These benchmarks therefore encode a strong implicit difficulty
weighting: their aggregate scores are more sensitive to overrepresented difficulty regions and less
sensitive to underrepresented ones. Non-uniformity is not inherently problematic when it matches the

1https://arena.ai/leaderboard
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Figure 3: Benchmark difficulty distributions. Each panel shows the ECDF of normalized item
difficulties for one benchmark, together with the neutral uniform reference. Colored shaded intervals
mark the five largest adjacent difficulty gaps, with labels denoting the corresponding gap sizes.
Additional benchmark examples are provided in Fig. 5.

Table 1: Summary of proposed metrics across benchmarks. DDM denotes the 1-Wasserstein
distance between the benchmark empirical difficulty distribution and a same-size empirical uniform
distribution on [0, 1]. Max Gap is the largest gap between consecutive normalized difficulties, and
Top-5 Sum is the sum of the five largest such gaps. # denotes the number of benchmark items. Lower
is better for all three metrics. Highlighted entries mark comparatively large values for each metric:
DDM ≥ 0.10, Max Gap ≥ 0.10, or Top-5 Sum ≥ 0.30.

Benchmark DDM Max Gap Top-5 Sum #

MATH-500 0.164 0.058 0.175 500
Minerva-Math 0.122 0.031 0.149 272
OlympiadBench 0.064 0.048 0.142 675
Gaokao2023en 0.088 0.055 0.183 385
AMC23 0.088 0.175 0.528 40
AIME24 0.077 0.179 0.502 30
AIME25 0.079 0.158 0.492 30
AIME26 0.085 0.119 0.507 30
MMLU-Pro-Biology 0.125 0.043 0.176 717
MMLU-Pro-Chemistry 0.114 0.072 0.192 1132
MMLU-Pro-Physics 0.121 0.035 0.157 1299
GPQA-Diamond 0.080 0.066 0.263 198
ScienceQA 0.178 0.045 0.175 4241

Benchmark DDM Max Gap Top-5 Sum #

HumanEval 0.148 0.165 0.423 164
MBPP+ 0.163 0.049 0.214 378
GAIA 0.084 0.051 0.218 165
CORE-Bench Hard 0.036 0.113 0.363 45
SWE-bench-Mini 0.053 0.149 0.469 50
USACO 0.080 0.082 0.354 307
IFEval 0.159 0.046 0.190 541
BBH-3 objects 0.090 0.088 0.354 250
BBH-5 objects 0.099 0.128 0.332 250
BBH-7 objects 0.077 0.059 0.279 250
ZebraLogic 0.080 0.027 0.127 1000
MedQA 0.157 0.042 0.178 1273

intended evaluation objective. However, when no such objective is specified, high-DDM leaderboard
results should not be interpreted as difficulty-neutral comparisons. Instead, they reflect comparisons
under the benchmark’s empirical difficulty weighting, so users should check whether this weighting
matches the difficulty distribution relevant to their use case. App. D presents a simple benchmark
calibration algorithm for moving a benchmark distribution closer to a chosen target.

Many benchmarks exhibit large local coverage gaps. Tab. 1 shows that 8 out of 25 benchmarks
have Max Gap ≥ 0.10. As a result, a training run may make meaningful local progress in an
uncovered difficulty region, while the aggregate benchmark score remains nearly unchanged. This
can cause useful training progress to be underestimated, promising runs to be prematurely discarded,
and compute to be misallocated. Moreover, the problem is not limited to the single largest gap. We
find that 10 out of 25 benchmarks have Top-5 Sum ≥ 0.30. For example, Fig. 3 shows that AIME24
and AIME25 have top-5 gap sums close to 0.5, leaving large portions of the difficulty axis locally
unresolved despite their widespread use for monitoring RLVR training [38, 33, 14, 66]. Finally, we
note that coverage gaps are not merely a small-benchmark artifact2: benchmarks with hundreds of
items, such as HumanEval and BBH-5 objects, also exhibit substantial gap metrics. This motivates
gap filling as a practical and necessary way to improve local benchmark resolution.

7



Parents Children
1. Rewrite

Let P(n) be the 
number of distinct 
positive integers that 
can be obtained as the 
product of the 
numbers shown on n 
standard six-sided dice. 
If P(n)=550, what is 
the value of n?

…be obtained as the product of the 
numbers shown on n standard 
six-sided dice, such that the product 
is a perfect square.
If P(n) = 550, what is the value of n?

…, such that the exponent of 2 
exceeds the exponent of 3. …

…on n standard six-sided dice,
with adjacent outcomes coprime…

…on n eight-sided dice whose faces 
are the positive divisors of 24…

Each Parent Item

2. Annotate
Each Child Item

(c) Online 
Calibration

3. Update Memory

Difficulty

Gap
Other Items in MemoryTarget Difficulty Selected Parents Selected References

Memory 𝓜𝓜

Parent
Items closest to target 

difficulty as rewriting seeds

Reference list
Nearby lower/higher items as 

local difficulty references

Item Difficulty

Next Round

rewrite

(b) Response
Collection

(a) Validity
Check

Figure 4: Overview of BENCHFILL. BENCHFILL iteratively rewrites parent items into child variants,
annotates their difficulties, and updates the memory to guide the next round of gap filling.

4 BENCHFILL: Difficulty-Targeted Gap Filling

4.1 Problem Setting and Method

Problem setting. Let B = {xi}ni=1 be the current benchmark, where each item xi has an estimated
difficulty zi. We sort the difficulties and consider an adjacent gap [zL, zR] between two benchmark
items. Reducing such gaps improves a benchmark’s local resolution and its ability to capture localized
model improvements. Thus, our goal is to obtain a valid new item xnew whose difficulty is as close
as possible to the target difficulty z⋆ = (zL + zR)/2, the midpoint that most reduces the gap under a
single insertion. The new item is added to the benchmark rather than replacing any existing item. By
default, we apply this procedure to the largest gap of the benchmark.

One direct approach is to ask human experts to design new items at the target difficulty, but this process
can be costly [50, 46]. Motivated by recent work on LLM-assisted benchmark augmentation [10,
28, 64, 63], we instead use LLMs to rewrite existing benchmark items into new variants at targeted
difficulty levels. This rewriting-based approach is scalable, uses existing items as local references for
controlled difficulty adjustment, and helps preserve the format and style of the original benchmark.
To ensure item quality, the final selected items are further validated by human experts. We next
introduce BENCHFILL, a rewrite-and-annotate evolutionary search algorithm [53, 34] for automated
difficulty-targeted item rewriting. Alg. 2 gives the pseudocode, and Fig. 4 illustrates the procedure.

BENCHFILL. Given a target difficulty z⋆, our algorithm maintains a memoryM of annotated
item–difficulty pairs. The memory is initialized with existing benchmark items whose difficulties are
closest to the selected gap, and is later updated during the search. Each round follows a parent–child
rewriting step. A parent item is an existing or previously rewritten item selected fromM as the main
reference for rewriting, while a child item is a newly proposed variant derived from a parent.

At round t, we retrieve a small set of parent items fromM whose annotated difficulties are closest
to the target difficulty z⋆. For each parent item, the rewriter LLM is conditioned on the parent, the
target difficulty, and a reference list of nearby item–difficulty pairs. The reference list provides local
examples around z⋆, typically including items slightly below and above the target difficulty, e.g.,
items with difficulties 0.48, 0.50, 0.60, and 0.62 when z⋆ = 0.55. The rewriter then rewrites each
parent into a batch of child items while preserving the format and style of the benchmark.

After rewriting, each child item is passed to the difficulty annotator module, detailed below, which
returns an estimated difficulty ẑ. We keep only valid3 child items and add their annotated item–
difficulty pairs (x, ẑ) back toM. This update makes the search adaptive: whenever a rewritten child
is closer to z⋆ than previous items, it becomes more likely to be retrieved as a parent or included in
the reference list in later rounds. The rewriter is therefore conditioned on increasingly target-relevant
examples as the search progresses, rather than rewriting each batch independently. After T rounds,

2Although Max Gap intrinsically depends on benchmark size, this reflects a real coverage limitation rather than merely
a nuisance effect: even if a large gap is expected for a small benchmark, it is still an uncovered difficulty interval, and by
Theorem 2.3, localized improvements inside such an interval may be undetectable in the worst case.

3We use GPT-5.4 as a validity judge to verify whether the answer associated with each rewritten item is correct.

8



Table 2: Gap-filling results. Top-3 Gap Sum Reduction reports the relative reduction (%) from the
original benchmark, where larger is better. Target Dev. is the mean absolute deviation between the
selected item difficulty and the target difficulty over three filled gaps, where lower is better. Baseline
uses a budget-matched best-of-N uniform-parent rewriting strategy. Oracle is an idealized upper
bound that inserts an item exactly at each target difficulty, rather than an actual gap-filling method.

Benchmark Top-3 Gap Sum Reduction (%) ↑ Target Dev. ↓
Baseline BENCHFILL Oracle Baseline BENCHFILL

AIME24 6.90 35.57 35.57 0.057 0.005
AIME25 27.44 37.56 37.56 0.016 0.005
AIME26 17.94 33.04 33.04 0.045 0.002
AMC23 24.47 35.19 35.78 0.009 0.003
Gaokao2023en 11.45 38.88 45.47 0.152 0.004
BBH-3 objects 14.83 29.88 32.80 0.026 0.006
MMLU-Pro-Biology 22.23 30.13 36.84 0.046 0.006
IFEval 14.94 21.09 23.44 0.036 0.007

Average 17.52 32.67 35.06 0.048 0.005

we select the valid child item minimizing |ẑ − z⋆| as the proposed gap-filling item. Before insertion
into the benchmark, the final item is subject to careful manual review by human experts.

Difficulty annotation module details. For each rewritten item x, we annotate its difficulty by
online calibration under the IRT model fitted on the original benchmark. Let θ̂j be the pre-estimated
ability of model j. We evaluate each model on x for Kj trials and observe cj correct responses. The
item difficulty is estimated by fitting only the new item parameter:

b̂(x) = argmax
b

m∑
j=1

[
cj log σ(θ̂j − b) +

(
Kj − cj

)
log

(
1− σ(θ̂j − b)

)]
,

where σ(·) is the logistic function4. This online calibration places each rewritten item on the same
IRT scale as the original benchmark without refitting the full model.

4.2 Experimental Setup and Results

Experimental setup. We perform gap filling on 8 representative benchmarks from diverse domains.
For each benchmark, we target the three most pronounced coverage gaps. We use MiniMax-M2.7 [7]
as the rewriter LLM, with temperature set to 1.0. The search runs for at most 8 rounds; in each
round, we retrieve 4 parent items, rewrite each parent into 4 child items, and provide a reference
list of at most 16 nearby item–difficulty pairs. As a baseline, we use a budget-matched best-of-N
uniform-parent rewriting variant. Additional implementation details are provided in App. E.1.

Results. As shown in Tab. 2, with only three inserted items per benchmark, BENCHFILL reduces
Top-3 Sum by 21.09%–38.88%. We also include the oracle result, but only as a reference upper
bound, not as an implementable gap-filling method. The achieved reductions are close to this
oracle reference: on average, BENCHFILL achieves a 32.67% reduction, compared with 35.06%
for the oracle and 17.52% for the budget-matched uniform-parent baseline. On AIME24, AIME25,
and AIME26, BENCHFILL reaches the oracle reduction. These reductions show that BENCHFILL
improves coverage of the largest under-covered difficulty regions, which can strengthen a benchmark’s
ability to monitor localized training progress. We further report Target Dev. and BENCHFILL
consistently achieves a Target Dev. below 0.01, indicating that the rewrite-and-annotate search can
produce items close to the intended difficulty levels. Representative generated items are shown in
Tab. 13. We will release the gap-filling benchmark items to support future evaluation studies.

5 Related Work

Rethinking benchmark analysis. A recent line of work has shifted attention from improving
leaderboard scores to examining whether benchmark scores themselves provide reliable scientific

4For multiple-choice benchmarks, we additionally incorporate the same chance-level guessing parameter used in the
original IRT fitting, which is omitted here for notational simplicity.
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evidence. Prior studies show that benchmark results can be sensitive to decoding, prompting, and
implementation details [19], and brittle to surface wording or dataset flaws [44]. Other work studies
evaluation reliability through the lens of signal and noise [17], or proposes broader benchmark-
quality criteria and shows that widely used benchmarks vary substantially in quality [48]. Our work
complements these efforts by formulating a benchmark as an empirical measure over difficulty,
enabling us to rigorously formalize measure mismatch and coverage gaps.

IRT and its applications. IRT originated in psychometrics as a framework for educational and
psychological measurement [13, 36]. In NLP, [26] introduced IRT to system evaluation, and [52]
extended this perspective to leaderboard analysis. IRT has since become a widely used foundation
for difficulty-aware evaluation in LLM benchmarking. Easy2Hard-Bench [12] uses IRT to assign
standardized continuous difficulty labels to benchmark items; it also validates these labels against
human pairwise judgments and reports stronger alignment than GPT-4-based difficulty annotators.
[69] uses an IRT-based framework to analyze the measurement quality of existing LLM benchmarks.

6 Conclusion

In this work, we view each benchmark as an empirical measure over difficulty. This perspective
enables us to formalize measure mismatch and coverage gaps, leading to theoretical results and
practical diagnostics. We believe this empirical-measure view has the potential to open new ways to
rigorously study and rethink benchmark evaluation.

7 Limitations and Future Work

This work develops a measure-theoretic view of benchmark evaluation and uses it to characterize two
central issues: measure mismatch and coverage gaps. Our goal is not to exhaust all consequences
of this viewpoint, but to show that benchmark evaluation can be studied through the geometry of
the empirical difficulty measure induced by the benchmark. We believe this perspective opens a
broader direction for studying benchmark evaluation, where additional benchmark failures and design
objectives can be formulated as properties of the induced difficulty measure.

Moreover, our current framework is primarily post-hoc: given an existing benchmark, we estimate its
difficulty distribution, diagnose measure mismatch and coverage gaps, and reduce pronounced gaps
through targeted item insertion. A natural next step is to move this perspective into the benchmark
construction stage itself. Rather than auditing mismatch and coverage only after a benchmark has been
built, benchmark developers can actively design the induced difficulty structure from the beginning,
aiming to align the benchmark measure with the intended evaluation objective while maintaining high
local resolution along the difficulty axis. We view this as a promising direction for difficulty-aware
benchmark design.
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A Discussion

A.1 Broader Impacts

This work aims to improve the reliability and transparency of benchmark evaluation. By diagnosing distribution
mismatch and coverage gaps, our methods can help researchers better understand when benchmark scores
provide faithful evidence for model comparison and monitoring training progress. More reliable evaluation may
support more transparent model comparison and more informed benchmark design. Since this work focuses on
benchmark analysis rather than model deployment or data collection, we do not foresee direct negative societal
impacts.

A.2 Extended Related Work

Difficulty estimation. Prior work often derives difficulty labels from human judgment or benchmark
metadata. For example, MATH [18] annotates problems with five difficulty levels, GPQA [51] collects post-hoc
expert difficulty ratings, and LingOly [5] includes five levels of human difficulty. Such labels are costly to
obtain at scale, and they primarily reflect human-perceived difficulty rather than the difficulty exhibited by
current LLMs on the questions. Recent work has explored alternative estimation strategies. [71] estimate
LLM-perceived question difficulty from hidden representations. [4] ask an LLM to make pairwise difficulty
judgments and aggregate them with Bradley–Terry scores. EIP [68] instead jointly infers question difficulty and
model competency from observed successes and failures on a model–question bipartite graph. Among these
approaches, IRT remains a common foundation for difficulty-aware evaluation because it provides a principled
probabilistic framework for jointly modeling item difficulty and model ability directly from response data [9].

B Theoretical Results and Proofs

B.1 Measure Mismatch

We first restate Theorem 2.1 and provide the corresponding proof.

Theorem B.1 (Distribution mismatch controls score distortion and rank stability). Suppose the performance
difference function ∆ is L-Lipschitz, i.e.,

|∆(z)−∆(y)| ≤ L|z − y|, ∀z, y ∈ [0, 1].

Then ∣∣DB(θ
′, θ)−Dµ(θ

′, θ)
∣∣ ≤ LW1(νB , µ).

Consequently, if
|Dµ(θ

′, θ)| > LW1(νB , µ),

then
sign

(
DB(θ

′, θ)
)
= sign

(
Dµ(θ

′, θ)
)
,

so the benchmark-induced ordering agrees with the target ordering, i.e., no rank flip can occur.

Proof. Fix any coupling π ∈ Π(νB , µ). Since π has marginals νB and µ, we can write

DB(θ
′, θ)−Dµ(θ

′, θ) =

∫
∆(z) dνB(z)−

∫
∆(y) dµ(y) =

∫
[0,1]2

(
∆(z)−∆(y)

)
dπ(z, y).

Taking absolute values and using the Lipschitz property of ∆ gives∣∣DB(θ
′, θ)−Dµ(θ

′, θ)
∣∣ ≤ ∫

[0,1]2
|∆(z)−∆(y)| dπ(z, y) ≤ L

∫
[0,1]2

|z − y| dπ(z, y).

Since this holds for every coupling π ∈ Π(νB , µ), taking the infimum over π yields∣∣DB(θ
′, θ)−Dµ(θ

′, θ)
∣∣ ≤ LW1(νB , µ).

If Dµ(θ
′, θ) > 0, then

DB(θ
′, θ) ≥ Dµ(θ

′, θ)−
∣∣DB(θ

′, θ)−Dµ(θ
′, θ)

∣∣ ≥ Dµ(θ
′, θ)− LW1(νB , µ) > 0.

Hence DB(θ
′, θ) > 0. The case Dµ(θ

′, θ) < 0 is symmetric. Therefore DB(θ
′, θ) and Dµ(θ

′, θ) must have
the same sign, so no rank flip can occur.
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Finite-sample evaluation under repeated sampling. In practice, the conditional mean sθ(z) is not
directly observed. Instead, benchmark scores are estimated from finitely many repeated samples of model
outputs. For the i-th benchmark example with difficulty level zi, and for each independent trial r ∈ {1, . . . , k},
let

Y θ
i,r ∈ [0, 1]

denote the observed score of model θ on the r-th sample, with

E
[
Y θ
i,r | zi

]
= sθ(zi).

Define the k-sample benchmark score as

ŜB,k(θ) :=
1

nk

n∑
i=1

k∑
r=1

Y θ
i,r,

and the corresponding observed performance difference as

D̂B,k(θ
′, θ) := ŜB,k(θ

′)− ŜB,k(θ).

Theorem B.2 (Finite-sample score distortion and ordering stability under repeated sampling). Suppose the
performance difference function ∆ is L-Lipschitz. Assume that, conditional on the difficulty levels z1, . . . , zn,
the collection of random variables {

Y θ
i,r, Y

θ′
i,r

}
i=1,...,n; r=1,...,k

is independent, and that each variable takes values in [0, 1]. Then for any δ ∈ (0, 1), with probability at least
1− δ, ∣∣D̂B,k(θ

′, θ)−Dµ(θ
′, θ)

∣∣ ≤ LW1(νB , µ) +

√
2 log(2/δ)

nk
.

Consequently, if

|Dµ(θ
′, θ)| > LW1(νB , µ) +

√
2 log(2/δ)

nk
,

then with probability at least 1− δ,

sign
(
D̂B,k(θ

′, θ)
)
= sign

(
Dµ(θ

′, θ)
)
,

and hence no observed rank flip occurs.

Proof. We first decompose the error as

D̂B,k(θ
′, θ)−Dµ(θ

′, θ) =
(
D̂B,k(θ

′, θ)−DB(θ
′, θ)

)
+
(
DB(θ

′, θ)−Dµ(θ
′, θ)

)
.

Therefore, ∣∣D̂B,k(θ
′, θ)−Dµ(θ

′, θ)
∣∣ ≤ ∣∣D̂B,k(θ

′, θ)−DB(θ
′, θ)

∣∣+ ∣∣DB(θ
′, θ)−Dµ(θ

′, θ)
∣∣.

The second term is deterministic and, by Theorem 2.1, satisfies∣∣DB(θ
′, θ)−Dµ(θ

′, θ)
∣∣ ≤ LW1(νB , µ).

It remains to bound the first term. Define

Zi,r := Y θ′
i,r − Y θ

i,r.

Since Y θ′
i,r, Y

θ
i,r ∈ [0, 1], we have

Zi,r ∈ [−1, 1].

Moreover, conditional on zi,

E[Zi,r | zi] = E[Y θ′
i,r | zi]− E[Y θ

i,r | zi] = sθ′(zi)− sθ(zi) = ∆(zi).

Hence

D̂B,k(θ
′, θ)−DB(θ

′, θ) =
1

nk

n∑
i=1

k∑
r=1

(
Zi,r −∆(zi)

)
.

Conditional on z1, . . . , zn, the variables {Zi,r} are independent and each lies in [−1, 1]. Applying Hoeffding’s
inequality conditionally yields, for any t > 0,

P
(∣∣D̂B,k(θ

′, θ)−DB(θ
′, θ)

∣∣ ≥ t
∣∣∣ z1, . . . , zn) ≤ 2 exp

(
−nk t2

2

)
.
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Setting

t =

√
2 log(2/δ)

nk
gives, with probability at least 1− δ,∣∣D̂B,k(θ

′, θ)−DB(θ
′, θ)

∣∣ ≤√2 log(2/δ)

nk
.

Combining this bound with the deterministic bound above proves∣∣D̂B,k(θ
′, θ)−Dµ(θ

′, θ)
∣∣ ≤ LW1(νB , µ) +

√
2 log(2/δ)

nk

with probability at least 1− δ.

For the second claim, if

|Dµ(θ
′, θ)| > LW1(νB , µ) +

√
2 log(2/δ)

nk
,

then the above inequality implies that D̂B,k(θ
′, θ) cannot cross zero, so it must have the same sign as Dµ(θ

′, θ).
Therefore no observed rank flip occurs.

Uniform distribution as a principled target distribution without prior information. The follow-
ing result formalizes the uniform distribution as a principled default target when no prior knowledge is available
about where performance differences arise along the difficulty axis. We consider an agnostic setting in which the
signed performance difference ∆ has a fixed average level ρ over [0, 1], but its location is otherwise unrestricted.
For a candidate target distribution µ, the quantity Vρ(µ) measures the worst-case amount of difference retained
under µ. The theorem below shows that the uniform distribution is the unique choice that preserves the full
average difference ρ in the worst case.
Theorem B.3 (Uniform target as the unique maximin choice under complete uncertainty). Let

Fρ :=

{
∆ : [0, 1] → [−1, 1] measurable :

∫ 1

0

∆(z) dz = ρ

}
, Vρ(µ) := inf

∆∈Fρ

∫
∆(z) dµ(z),

where ρ ∈ (−1, 1) and µ ∈ P([0, 1]). Then

sup
µ∈P([0,1])

Vρ(µ) = ρ

and the unique maximizer is the uniform distribution λ = Unif[0, 1].

Proof. Set

β :=
1 + ρ

2
∈ (0, 1).

For any measurable function ∆ : [0, 1] → [−1, 1], define

G(z) :=
∆(z) + 1

2
.

Then G : [0, 1] → [0, 1] is measurable, and∫ 1

0

G(z) dz =
1

2

∫ 1

0

∆(z) dz +
1

2
.

Therefore, ∆ ∈ Fρ if and only if

G : [0, 1] → [0, 1] and
∫ 1

0

G(z) dz = β.

Thus, for any µ ∈ P([0, 1]),

Vρ(µ) = inf
∆∈Fρ

∫
∆(z) dµ(z) = inf

G: [0,1]→[0,1],
∫ 1
0 G(z) dz=β

∫
(2G(z)− 1) dµ(z).

Since µ is a probability measure,

Vρ(µ) = 2 inf
G: [0,1]→[0,1],

∫ 1
0 G(z) dz=β

∫
G(z) dµ(z)− 1.

Define
Uβ(µ) := inf

G: [0,1]→[0,1],
∫ 1
0 G(z) dz=β

∫
G(z) dµ(z).
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Then
Vρ(µ) = 2Uβ(µ)− 1.

We now characterize supµ∈P([0,1]) Uβ(µ).

First, if µ = λ = Unif[0, 1], then for every admissible G,∫
G(z) dµ(z) =

∫ 1

0

G(z) dz = β,

so
Uβ(λ) = β.

Hence
sup

µ∈P([0,1])

Uβ(µ) ≥ β.

Next fix any µ ∈ P([0, 1]). By the Lebesgue decomposition theorem, we may write
µ = f(z) dz + µs,

where f ≥ 0 is integrable and µs ⊥ dz. Let

m :=

∫ 1

0

f(z) dz = µac([0, 1]) ≤ 1.

Since µs is singular with respect to Lebesgue measure, there exists a measurable set N ⊆ [0, 1] such that
|N | = 0 and µs([0, 1] \N) = 0.

Thus, for any admissible G that vanishes on N , we have∫
G(z) dµs(z) = 0.

Therefore,

Uβ(µ) ≤ inf
0≤G≤1,

∫ 1
0 G(z) dz=β,

G=0 on N

∫ 1

0

G(z)f(z) dz.

Since N has Lebesgue measure zero, the additional constraint G = 0 on N does not affect the infimum, so

Uβ(µ) ≤ inf
0≤G≤1,

∫ 1
0 G(z) dz=β

∫ 1

0

G(z)f(z) dz.

By the bathtub principle, the right-hand side equals∫ β

0

f↑(u) du,

where f↑ is the nondecreasing rearrangement of f . Since f↑ is nondecreasing and β ∈ (0, 1),

1

β

∫ β

0

f↑(u) du ≤
∫ 1

0

f↑(u) du =

∫ 1

0

f(z) dz ≤ 1.

Hence
Uβ(µ) ≤ β.

Since this holds for every µ ∈ P([0, 1]), we conclude that
sup

µ∈P([0,1])

Uβ(µ) = β.

Consequently,
sup

µ∈P([0,1])

Vρ(µ) = 2 sup
µ∈P([0,1])

Uβ(µ)− 1 = 2β − 1 = ρ.

It remains to prove uniqueness. Suppose Vρ(µ) = ρ. Then necessarily
Uβ(µ) = β.

From the argument above, this implies∫ β

0

f↑(u) du = β and
∫ 1

0

f(z) dz = 1.

The second condition implies µs = 0, so µ is absolutely continuous with density f . Moreover,

1

β

∫ β

0

f↑(u) du = 1

equals the average of f↑ over the whole interval [0, 1], which is also 1. Since f↑ is nondecreasing, this is
possible only if

f↑(u) = 1 for a.e. u ∈ [0, 1].

Hence f(z) = 1 for a.e. z ∈ [0, 1], and therefore µ = λ. This proves uniqueness.
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B.2 Coverage Gaps

To analyze whether local improvements can be detected from benchmark evaluations, we formulate the problem
as a hypothesis test comparing two performance curves before and after improvement. We consider a generic
pair of pre- and post-improvement performance curves

s−, s+ : [0, 1] → [0, 1].

Here, s−(z) and s+(z) represent the expected model performance (e.g., pass@1) at difficulty level z before and
after improvement, respectively. Their difference is

∆(z) := s+(z)− s−(z).

For the i-th benchmark example and each trial r ∈ {1, . . . , k}, let

Y −
i,r ∼ Bernoulli(s−(zi)), Y +

i,r ∼ Bernoulli(s+(zi)).

We assume that, conditional on the difficulty levels and the performance curves, all variables

{Y −
i,r, Y

+
i,r}i=1,...,n; r=1,...,k

are mutually independent. Define

ŜB,k(s
−) :=

1

nk

n∑
i=1

k∑
r=1

Y −
i,r, ŜB,k(s

+) :=
1

nk

n∑
i=1

k∑
r=1

Y +
i,r,

and
D̂B,k(s

+, s−) := ŜB,k(s
+)− ŜB,k(s

−).

Fix w ∈ (0, 1] and a ∈ (0, 1]. We define the localized alternative class

H1(w, a) :=
{
(s−, s+) : ∃ interval I ⊂ [0, 1], |I| = w, such that s+(z)− s−(z) ≥ a ∀z ∈ I

}
.

Here, the parameters (w, a) characterize the improvement pattern: w represents the width of the difficulty region
where the improvement occurs, and a represents the minimum magnitude of improvement within that region.

The null class is
H0 := {(s−, s+) : s− = s+}.

Thus we consider the testing problem

H0 : (s−, s+) ∈ H0 versus H1 : (s−, s+) ∈ H1(w, a).

This formulation captures the question of whether a benchmark can reliably detect localized meaningful
improvements of width w and magnitude at least a.

A (possibly randomized) test ϕ has level at most α ∈ (0, 1) if

sup
(s−,s+)∈H0

Es−,s+ [ϕ] ≤ α.

Its worst-case power over H1(w, a) is

inf
(s−,s+)∈H1(w,a)

Es−,s+ [ϕ].

We define the minimax worst-case power by

Π∗
α(B;w, a, k) := sup

ϕ: sup
(s−,s+)∈H0

E
s−,s+

[ϕ]≤α

inf
(s−,s+)∈H1(w,a)

Es−,s+ [ϕ].

Theorem B.4 (Maximum gap as an exact asymptotic minimax detection boundary). Fix α ∈ (0, 1) and
a ∈ (0, 1].

1. For every k ∈ N, if w ≤ G(B), then

Π∗
α(B;w, a, k) = α.

2. If w > G(B), then
lim
k→∞

Π∗
α(B;w, a, k) = 1.

Therefore, G(B) is the exact asymptotic minimax detection boundary for interval-localized differences under
benchmark B.
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Proof. We prove the two parts separately.

Part 1: if w ≤ G(B), then Π∗
α(B;w, a, k) = α.

By definition of the maximum gap, there exists an index j ∈ {0, . . . , n} such that

z(j+1) − z(j) ≥ w.

Let
J := (z(j), z(j+1)).

Since
|J | = z(j+1) − z(j) ≥ w,

we may choose an interval
I ⊆ J such that |I| = w.

Choose any c ∈ [0, 1− a], and define

s−,⋆(z) ≡ c, s+,⋆(z) := c+ a1{z ∈ I}.
Since c ∈ [0, 1− a] and a ∈ (0, 1], both s−,⋆ and s+,⋆ take values in [0, 1]. Moreover,

s+,⋆(z)− s−,⋆(z) = a ∀z ∈ I,

so
(s−,⋆, s+,⋆) ∈ H1(w, a).

Because the interval I contains no benchmark point, for every i = 1, . . . , n we have

s−,⋆(zi) = c, s+,⋆(zi) = c.

Therefore, under (s−,⋆, s+,⋆), the benchmark observations have exactly the same joint distribution as under the
null pair

(s̄, s̄) ∈ H0 with s̄(z) ≡ c.

Indeed, at every observed benchmark point zi, both the pre- and post-improvement Bernoulli success probabilities
are equal to c.

Now let ϕ be any test of level at most α. Then

Es−,⋆,s+,⋆ [ϕ] = Es̄,s̄[ϕ] ≤ sup
(s−,s+)∈H0

Es−,s+ [ϕ] ≤ α.

Hence
inf

(s−,s+)∈H1(w,a)
Es−,s+ [ϕ] ≤ Es−,⋆,s+,⋆ [ϕ] ≤ α.

Taking the supremum over all level-α tests yields

Π∗
α(B;w, a, k) ≤ α.

For the reverse inequality, consider the trivial randomized test that rejects with probability α independently of
the data. It has level exactly α, and for every alternative its power is also exactly α. Therefore

Π∗
α(B;w, a, k) ≥ α.

Combining the two inequalities, we conclude

Π∗
α(B;w, a, k) = α.

Part 2: if w > G(B), then limk→∞ Π∗
α(B;w, a, k) = 1.

We construct an explicit level-α test whose worst-case power tends to 1 as k → ∞.

For each benchmark point zi, define the empirical difference

∆̂i,k :=
1

k

k∑
r=1

(
Y +
i,r − Y −

i,r

)
.

Consider the max test

ϕmax := 1

{
max
1≤i≤n

∆̂i,k > tk,α

}
, tk,α :=

√
2 log(n/α)

k
.

We first verify that ϕmax has level at most α. Under any null pair (s, s) ∈ H0, for each fixed i and r,

Y +
i,r − Y −

i,r ∈ [−1, 1], Es,s[Y
+
i,r − Y −

i,r] = 0,
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and these random variables are independent across r. Hence, by Hoeffding’s inequality,

Ps,s

(
∆̂i,k > t

)
≤ exp

(
−kt2

2

)
.

Applying the union bound over i = 1, . . . , n gives

Ps,s(ϕmax = 1) = Ps,s

(
max
1≤i≤n

∆̂i,k > tk,α

)
≤

n∑
i=1

Ps,s

(
∆̂i,k > tk,α

)
≤ n exp

(
−
kt2k,α
2

)
= α.

Since this bound is uniform over (s, s) ∈ H0, the test ϕmax has level at most α.

Next fix any alternative pair (s−, s+) ∈ H1(w, a). By definition, there exists an interval I ⊂ [0, 1] with
|I| = w such that

s+(z)− s−(z) ≥ a, ∀z ∈ I.

Because w > G(B), no interval of length w can be disjoint from all benchmark points. Therefore, there exists
at least one benchmark index i⋆ such that

zi⋆ ∈ I.

For this index we have
Es−,s+ [∆̂i⋆,k] = s+(zi⋆)− s−(zi⋆) ≥ a.

Again by Hoeffding’s inequality, for any t ∈ R,

Ps−,s+

(
∆̂i⋆,k ≤ t

)
≤ exp

(
−k

2

(
a− t

)2
+

)
,

where (u)+ := max{u, 0}. Setting t = tk,α yields

Ps−,s+

(
∆̂i⋆,k ≤ tk,α

)
≤ exp

(
−k

2

(
a− tk,α

)2
+

)
.

Since the event {
∆̂i⋆,k > tk,α

}
implies {

max
1≤i≤n

∆̂i,k > tk,α

}
,

we obtain

Ps−,s+(ϕmax = 1) ≥ Ps−,s+

(
∆̂i⋆,k > tk,α

)
≥ 1− exp

(
−k

2

(
a− tk,α

)2
+

)
.

This lower bound is uniform over all (s−, s+) ∈ H1(w, a), so

inf
(s−,s+)∈H1(w,a)

Es−,s+ [ϕmax] ≥ 1− exp

(
−k

2

(
a− tk,α

)2
+

)
.

Since the minimax power is at least the worst-case power of any specific level-α test,

Π∗
α(B;w, a, k) ≥ 1− exp

(
−k

2

(
a− tk,α

)2
+

)
.

Finally, because

tk,α =

√
2 log(n/α)

k
−→ 0 as k → ∞,

the right-hand side converges to 1. Since Π∗
α(B;w, a, k) ≤ 1 by definition of power, the squeeze theorem

implies
lim
k→∞

Π∗
α(B;w, a, k) = 1.

This completes the proof.

C Difficulty Estimation Details and Additional Results

C.1 Benchmark Details

Tab. 3 summarizes the benchmarks used in our analysis, including their domains, the number of examples, and
the number of rollouts per item during evaluation.
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Table 3: Summary of the benchmarks used in our analysis. For compactness, we abbreviate
SWE-bench Verified (Mini) as SWE-bench-Mini, and BIG-Bench Hard-Logical Deduction-{3,5,7}
objects as BBH-{3,5,7} objects throughout the paper.

Benchmark Domain # Examples # Rollouts / Item
MATH-500 [30] Math 500 8
Minerva-Math [27] Math 272 8
OlympiadBench [15] Math 675 8
Gaokao2023en [67] Math 385 8
AMC23 [39] Math 40 32
AIME24 [40] Math 30 32
AIME25 [41] Math 30 32
AIME26 [42] Math 30 32

HumanEval [8] Coding 164 4
MBPP+ [32] Coding 378 4

GAIA [43] Agentic Tasks 165 1
CORE-Bench Hard [55] Agentic Tasks 45 1
SWE-bench Verified (Mini) [22] Agentic Tasks 50 1
USACO [54] Agentic Tasks 307 1

MMLU-Pro-Biology [62] Science 717 4
MMLU-Pro-Chemistry [62] Science 1132 4
MMLU-Pro-Physics [62] Science 1299 4
GPQA-Diamond [51] Science 198 4
ScienceQA [37] Science 4241 4

IFEval [70] Instruction Following 541 4

BIG-Bench Hard-Logical Deduction-3 objects [59] Logic 250 4
BIG-Bench Hard-Logical Deduction-5 objects [59] Logic 250 4
BIG-Bench Hard-Logical Deduction-7 objects [59] Logic 250 4
ZebraLogic [31] Logic 1000 4

MedQA [23] Medicine 1273 4

C.2 Model Selection Details

For non-agentic tasks, we select models based on the overall leaderboard of Text Arena, whose evaluation
suite covers a diverse set of domains including Expert, Hard Prompts, Coding, Math, Creative Writing,
Instruction Following, and Longer Query. The overall score therefore provides a reasonable proxy for
model capability across a broad range of tasks. To obtain models with diverse capability levels, we partition the
leaderboard into 10 equal-width tiers according to the overall score. We then randomly select one model from
each tier and additionally include one model from both the top and bottom of the leaderboard. This results in a
total of 12 models spanning a wide spectrum of capabilities. The detailed model information is summarized in
Tab. 4.

Table 4: Summary of selected models for non-agentic tasks.

Model Size Provider Temperature Top-p
Qwen3.5-397B-A17B 397B Alibaba Qwen 0.6 0.95
GLM-4.6 357B Zhipu AI 1.0 0.95
GLM-4.5-Air 110B Zhipu AI 0.6 0.95
Qwen3-Next-80B-A3B-Instruct 80B Alibaba Qwen 0.7 0.8
QwQ-32B 32B Alibaba Qwen 0.6 0.95
Olmo-3.1-32B-Think 32B Allen AI 0.6 0.95
gpt-oss-20b 20B OpenAI 1.0 1.0
phi-4 14B Microsoft 0.8 0.95
Llama-3.1-8B-Instruct 8B Meta-Llama 0.6 0.9
vicuna-7b-v1.5 7B LMSYS 0.9 0.6
Llama-3.2-3B-Instruct 3B Meta-Llama 0.6 0.9
SmolLM2-1.7B-Instruct 1.7B HuggingFaceTB 0.7 0.8

For agentic tasks, we use models included in the HAL evaluation platform. These include several frontier
proprietary models from major providers, such as Claude Sonnet 4.5, Claude Opus 4.1, GPT-5, and Gemini 2.0
Flash.
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C.3 IRT Fitting and Diagnostics

To obtain reliable difficulty estimates, we conduct several diagnostic checks on both the response matrices and
the IRT fitting procedure.

Response matrix diagnostics. We examine each response matrix using four diagnostics. The first two,
model information and item information, measure whether the matrix contains enough discriminative signal
along the model and item dimensions [3]. The latter two, model inversion rate and item inversion rate, measure
how well the empirical response matrix agrees with the monotone structure implied by 1PL-IRT [56, 57].

Formally, for each item–model pair (i, j), we aggregate the observed responses into the empirical success rate
of model j on item i, defined as pij = ncorrect

ij /ntrials
ij . We then aggregate these success rates along the model

and item dimensions:
pj =

1

|I|
∑
i∈I

pij , pi =
1

|J |
∑
j∈J

pij ,

where I and J denote the sets of items and models, respectively. We define model information as the average of
4pj(1− pj) over models, and item information as the average of 4pi(1− pi) over items. The intuition is that
if many models solve nearly all items or almost none of them, then their aggregate success rates are saturated
and contribute limited information for distinguishing model abilities. The same holds when many items are
solved by nearly all models or by almost none. In contrast, aggregate success rates near 0.5 are more informative
because they correspond to models or items that are neither saturated nor degenerate. The factor 4 rescales this
quantity to [0, 1].

To evaluate whether the response matrix is consistent with the ordering implied by 1PL-IRT, we first rank
models by overall success rate and items by overall solve rate. We then compute two inversion rates. The model
inversion rate is the fraction of ordered model pairs, evaluated item by item, for which a stronger model performs
worse than a weaker one. The item inversion rate is the fraction of ordered item pairs, evaluated model by model,
for which an easier item is solved less often than a harder one. Lower inversion rates indicate better agreement
with the latent ordering assumed by IRT.

In our experiments, we use model information ≥ 0.4, item information ≥ 0.4, model inversion rate ≤ 0.3, and
item inversion rate ≤ 0.3 as basic thresholds. Passing these checks provides evidence that the matrix contains
sufficient signal and is reasonably consistent with the ordering assumptions of IRT.

IRT fitting. We fit the 1PL-IRT model using Bayesian inference. For multiple-choice benchmarks, we
additionally include a guessing parameter:

Pr(Yij = 1) = gi + (1− gi)σ(θj − bi),

where gi denotes the chance-level probability of answering item i correctly by guessing.

Model abilities θj and item difficulties bi are assigned independent Gaussian priors,

θj ∼ N (0, 1), bi ∼ N (0, 1).

Because each model–item pair is evaluated multiple times, we use a binomial likelihood to model the number
of correct responses. Posterior inference is performed using MCMC with the No-U-Turn Sampler (NUTS)
implemented in PyMC [1]. We run four chains with 1,000 warmup iterations and 1,000 posterior samples per
chain. We set the target acceptance rate to 0.95.

We also explored alternative prior structures to assess robustness. In particular, we considered a hierarchical
prior for model abilities,

θj ∼ N (µθ, σ
2
θ), µθ ∼ N (0, 1), σθ ∼ HalfNormal(1),

while keeping item difficulties under the same Gaussian prior as above. We additionally tested a hierarchical
prior for item difficulties,

bi ∼ N (µb, σ
2
b ), µb ∼ N (0, 1), σb ∼ HalfNormal(1),

with model abilities using the standard Gaussian prior. Across these variants, the estimated item difficulties
and model abilities were highly consistent. Therefore, we report results using the simplest specification with
independent N (0, 1) priors.

IRT diagnostics. To assess convergence and sampling quality, we monitor 3 standard MCMC diagnostics:
the maximum Gelman–Rubin statistic R̂ across parameters, the minimum bulk effective sample size (ESS), and
the number of divergent transitions. The R̂ statistic measures agreement across chains, with values close to 1
indicating good convergence. Bulk ESS quantifies the effective number of independent posterior samples in
the main mass of the distribution, with larger values indicating more reliable estimation. Divergent transitions
indicate potential numerical or geometric pathologies during NUTS sampling, and zero divergent transitions are
preferred.
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Diagnostic results. Tabs. 5 and 6 summarize the diagnostic results for all benchmarks. All benchmarks pass
the response matrix diagnostics and the MCMC convergence diagnostics described above.

Table 5: Response matrix diagnostic results. ↑ indicates that larger values are preferred and ↓
indicates that smaller values are preferred. We use model information ≥ 0.4, item information ≥ 0.4,
model inversion rate ≤ 0.3, and item inversion rate ≤ 0.3 as basic thresholds for response matrix
diagnostics. All benchmarks pass these checks.

Benchmark Model Information ↑ Item Information ↑ Model Inversion Rate ↓ Item Inversion Rate ↓
AMC23 0.431 0.895 0.062 0.177
AIME24 0.514 0.824 0.040 0.101
AIME25 0.515 0.806 0.057 0.118
AIME26 0.465 0.831 0.046 0.089
Gaokao2023en 0.661 0.681 0.101 0.112
HumanEval 0.546 0.675 0.165 0.205
MATH-500 0.463 0.730 0.063 0.125
MBPP+ 0.665 0.636 0.226 0.235
Minerva-Math 0.724 0.554 0.174 0.107
OlympiadBench 0.715 0.663 0.106 0.093
BBH-3 objects 0.413 0.617 0.069 0.231
BBH-5 objects 0.421 0.735 0.076 0.292
BBH-7 objects 0.451 0.790 0.080 0.285
GPQA-Diamond 0.843 0.852 0.249 0.251
IFEval 0.663 0.573 0.217 0.162
MedQA 0.795 0.777 0.264 0.262
MMLU-Pro-Biology 0.614 0.613 0.172 0.160
MMLU-Pro-Chemistry 0.676 0.787 0.162 0.186
MMLU-Pro-Physics 0.687 0.787 0.176 0.195
ScienceQA 0.659 0.434 0.184 0.102
ZebraLogic 0.581 0.796 0.048 0.060
GAIA 0.879 0.739 0.251 0.178
CORE-Bench Hard 0.651 0.578 0.192 0.135
SWE-bench-Mini 0.709 0.674 0.112 0.103
USACO 0.908 0.472 0.205 0.059

Table 6: MCMC diagnostic results for IRT fitting. ↑ indicates that larger values are preferred and ↓
indicates that smaller values are preferred.

Benchmark Max R̂ ↓ Min Bulk ESS ↑ # Divergent Transitions ↓
AMC23 1.01 334 0
AIME24 1.02 272 0
AIME25 1.01 246 0
AIME26 1.00 385 0
Gaokao2023en 1.01 569 0
HumanEval 1.01 826 0
MATH-500 1.01 1296 0
MBPP+ 1.01 1167 0
Minerva-Math 1.01 487 0
OlympiadBench 1.01 1246 0
BBH-3 objects 1.00 1996 0
BBH-5 objects 1.01 1450 0
BBH-7 objects 1.00 1218 0
GPQA-Diamond 1.00 1437 0
IFEval 1.01 2120 0
MedQA 1.01 1733 0
MMLU-Pro-Biology 1.01 2511 0
MMLU-Pro-Chemistry 1.01 2014 0
MMLU-Pro-Physics 1.01 2002 0
ScienceQA 1.01 1757 0
ZebraLogic 1.01 1960 0
GAIA 1.00 1861 0
CORE-Bench Hard 1.01 3272 0
SWE-bench-Mini 1.00 4419 0
USACO 1.01 2102 0

Leave-one-out robustness analysis. For each non-agentic benchmark, we assess the robustness of IRT-
based difficulty estimation by performing a leave-one-out analysis over the selected model set. Specifically,
given the 12 selected models, we refit IRT 12 times, each time removing one model and re-estimating item
difficulties from the remaining 11 models. We then compare the resulting difficulty estimates with the original
estimates obtained from all 12 models using Pearson and Spearman correlations. For each benchmark, we report
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Table 7: Leave-one-out robustness of IRT difficulty estimation. For each benchmark, we fit IRT
using the full set of 12 models, then refit IRT after removing one model at a time and compare the
resulting item difficulties with those from the full fit. We report the mean and minimum Pearson and
Spearman correlations across the 12 leave-one-out refits. The consistently high correlations indicate
that our selected 12 models are sufficient for stable item difficulty estimation.

Benchmark Pearson Mean Pearson Min Spearman Mean Spearman Min

AMC23 0.9962 0.9820 0.9921 0.9484
AIME24 0.9985 0.9940 0.9977 0.9920
AIME25 0.9978 0.9904 0.9941 0.9809
AIME26 0.9979 0.9937 0.9972 0.9888
Gaokao2023en 0.9974 0.9953 0.9957 0.9905
HumanEval 0.9902 0.9771 0.9871 0.9735
MATH-500 0.9952 0.9896 0.9935 0.9844
MBPP+ 0.9902 0.9751 0.9840 0.9599
Minerva-Math 0.9974 0.9951 0.9896 0.9871
OlympiadBench 0.9980 0.9953 0.9973 0.9946
BBH-3 objects 0.9766 0.9137 0.9764 0.9089
BBH-5 objects 0.9723 0.9207 0.9704 0.9162
BBH-7 objects 0.9764 0.9360 0.9745 0.9248
GPQA-Diamond 0.9941 0.9893 0.9937 0.9852
IFEval 0.9945 0.9853 0.9910 0.9806
MedQA 0.9916 0.9875 0.9861 0.9722
MMLU-Pro-Biology 0.9951 0.9894 0.9923 0.9792
MMLU-Pro-Chemistry 0.9955 0.9914 0.9936 0.9860
MMLU-Pro-Physics 0.9952 0.9907 0.9934 0.9839
ScienceQA 0.9965 0.9893 0.9869 0.9330
ZebraLogic 0.9974 0.9948 0.9966 0.9909

Average 0.9926 0.9798 0.9897 0.9696

both the average and the minimum correlation across the 12 leave-one-out refits. As shown in Tab. 7, the average
Pearson and Spearman correlations are at least 0.9723 and 0.9704, respectively, across all benchmarks. Even
the worst-case leave-one-out correlation remains high, with the minimum Pearson and Spearman correlations
being 0.9137 and 0.9089, respectively. These results indicate that the estimated item difficulties are stable to the
exclusion of any single model, supporting the adequacy of our 12-model selection for stable difficulty estimation.

C.4 Metric Calculation Details

For a benchmark with n items, we compare its normalized difficulty points to a same-size empirical uniform
reference on [0, 1]. Let z(1) ≤ · · · ≤ z(n) denote the sorted normalized difficulties. We define the uniform
reference points as the midpoints of n equal-width bins:

ui =
i− 1

2

n
, i = 1, . . . , n.

The DDM is then computed as

DDM(B) =
1

n

n∑
i=1

|z(i) − ui|.

This is the one-dimensional 1-Wasserstein distance between the benchmark empirical measure and the same-size
empirical uniform reference

λn =
1

n

n∑
i=1

δui .

For the gap-based metric, let z(0) = 0 and z(n+1) = 1. The maximum gap is

G(B) = max
0≤i≤n

(
z(i+1) − z(i)

)
.
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Table 8: BIC comparison between 1PL and 2PL across all benchmarks. Lower BIC is preferred.
We define ∆BIC = BIC2PL − BIC1PL, so positive values favor 1PL. BIC selects 1PL for 21 out of
25 benchmarks.

Benchmark BIC1PL BIC2PL ∆BIC Selected

ScienceQA 126817 151726 +24909 1PL
MMLU-Pro-Physics 44290 52569 +8279 1PL
MedQA 52414 60340 +7926 1PL
ZebraLogic 22000 29319 +7319 1PL
MMLU-Pro-Chemistry 37446 44645 +7199 1PL
MMLU-Pro-Biology 21712 25399 +3687 1PL
IFEval 17614 20286 +2672 1PL
USACO 5349 7500 +2151 1PL
BBH-3 objects 5362 6958 +1596 1PL
MBPP+ 14222 15778 +1556 1PL
BBH-7 objects 6838 8260 +1422 1PL
BBH-5 objects 6515 7910 +1395 1PL
GAIA 7130 8166 +1036 1PL
Minerva-Math 11865 12798 +933 1PL
GPQA-Diamond 8080 8739 +659 1PL
MATH-500 17194 17739 +545 1PL
OlympiadBench 25166 25466 +300 1PL
SWE-bench-Mini 1624 1876 +252 1PL
CORE-Bench Hard 2881 3106 +225 1PL
HumanEval 5188 5376 +188 1PL
AIME26 1358 1362 +4 1PL

Gaokao2023en 15054 14977 -77 2PL
AIME25 1593 1512 -81 2PL
AIME24 1496 1409 -87 2PL
AMC23 2607 2052 -555 2PL

Table 9: Posterior diagnostics for benchmarks where BIC favors 2PL. We report the maximum
R̂, minimum bulk ESS, and number of divergent transitions across fitted parameters. Although BIC
favors 2PL on these four benchmarks, the 2PL fits exhibit substantially worse sampling diagnostics,
while the corresponding 1PL fits remain well-behaved.

Benchmark 1PL 2PL

Max R̂ ↓ Min Bulk ESS ↑ # Div. ↓ Max R̂ ↓ Min Bulk ESS ↑ # Div. ↓
Gaokao2023en 1.01 569 0 1.06 63 983
AIME25 1.01 246 0 1.02 188 18
AIME24 1.02 272 0 1.04 118 2
AMC23 1.01 334 0 1.03 146 8

C.5 Model Comparison for Different Difficulty Estimation Models

Our empirical analysis relies on a scalar 1PL IRT difficulty estimate. To assess whether this modeling choice is
supported by the response data, we compare 1PL against more flexible IRT specifications, including 2PL and
multidimensional IRT models.

We first compare 1PL and 2PL using Bayesian Information Criterion (BIC), where lower BIC is preferred. As
shown in Tab. 8, BIC selects 1PL for 21 out of the 25 benchmarks, often by large margins. This indicates that for
most benchmarks, adding item-specific discrimination parameters is not supported after accounting for model
complexity.

For the remaining four benchmarks where BIC favors 2PL, the 2PL fits exhibit problematic sampling diagnostics,
while the corresponding 1PL fits remain well-behaved. Tab. 9 reports the convergence diagnostics for these cases.
For example, on Gaokao2023en, the 2PL fit produces max R̂ = 1.06, min bulk ESS = 63, and 983 divergent
transitions, whereas the 1PL fit has max R̂ = 1.01, min bulk ESS = 569, and zero divergent transitions. Similar
issues appear for AIME24, AIME25, and AMC23. Therefore, although 2PL is occasionally favored by BIC,
these 2PL fits do not provide reliable alternative difficulty estimates.
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Table 10: Convergence diagnostics for multidimensional IRT fits on smaller benchmarks. We
report the maximum R̂, minimum bulk ESS, and number of divergent transitions across fitted
parameters. The multidimensional fits generally exhibit poor mixing, with high maximum R̂ and very
small minimum bulk ESS, indicating that they do not provide stable alternative difficulty estimates.

Benchmark MIRT-2 MIRT-3

Max R̂ ↓ Min Bulk ESS ↑ # Div. ↓ Max R̂ ↓ Min Bulk ESS ↑ # Div. ↓
AIME24 1.02 202 0 1.68 6 0
AIME25 1.75 6 0 1.02 172 0
AIME26 1.54 7 0 1.44 8 0
AMC23 1.75 6 0 1.35 10 0
Minerva-Math 1.73 6 0 1.37 10 0
GPQA-Diamond 1.81 6 0 1.67 6 0
HumanEval 1.58 7 0 1.90 6 0
MBPP+ 2.24 5 0 1.88 6 0
BBH-3 objects 1.78 6 0 1.26 12 0
BBH-5 objects 1.92 6 0 1.23 13 0
BBH-7 objects 1.84 6 0 1.16 20 0
CORE-Bench Hard 1.77 6 0 1.09 31 0
GAIA 1.62 7 0 1.27 12 0
SWE-bench-Mini 1.48 8 0 1.13 20 0
USACO 1.52 7 0 1.35 10 0

We also evaluate multidimensional IRT models with two and three latent dimensions, denoted MIRT-2 and
MIRT-3. Tab. 10 reports convergence diagnostics on the 15 smaller benchmarks. Overall, these multidimensional
fits do not provide stable posterior estimates: most runs have maximum R̂ well above the standard convergence
threshold of 1.05 and extremely small minimum bulk ESS, indicating poor mixing. On larger benchmarks,
the multidimensional models are substantially more expensive and did not complete reliably within our fitting
budget under the same Bayesian fitting procedure. Thus, the current response matrices do not support stable
multidimensional difficulty estimates for our empirical analysis.

Overall, these model-comparison results support the use of 1PL as a reliable difficulty estimation model for our
study. While more complex IRT specifications may be useful in other settings, our diagnostics indicate that 1PL
provides the most stable and well-supported difficulty estimates for the response matrices analyzed here.

C.6 Posterior Uncertainty Analysis

We further quantify how posterior uncertainty in the fitted IRT difficulty estimates affects our calculated metrics.
For each posterior draw of the fitted 1PL item difficulties, we recompute DDM and Max Gap, and summarize
the posterior variability of these metrics across draws.

DDM is stable under IRT posterior uncertainty. Across the 25 benchmarks, the posterior standard
deviation of DDM is typically about 0.011, with range 0.006–0.020. This is small relative to the DDM point
estimates, corresponding to approximately 8%–12% in typical cases. Thus, the DDM values reported in the
main paper are not artifacts of difficulty-estimation noise.

Max Gap uncertainty is larger but the coverage-gap conclusion remains robust. Max Gap has
larger posterior uncertainty, as expected, because it is an extreme-order statistic [11]: it is defined by the largest
adjacent spacing between item difficulties and is therefore more sensitive to local posterior perturbations. Its
posterior standard deviation ranges from 0.017 to 0.041. However, the qualitative coverage-gap conclusion
remains robust. To verify this, we compare the observed Max Gap against a same-size uniform-sampling
baseline under posterior difficulty draws. Across benchmarks, the posterior probability that the observed
Max Gap exceeds the same-size uniform baseline has median 0.999. The observed-to-baseline ratio has median
3.85×, and is much larger for several large benchmarks, e.g., 18.8× on ScienceQA, 11.3× on MedQA, and
5.9× on ZebraLogic. Therefore, although the exact Max Gap magnitude carries posterior uncertainty, the
conclusion that many benchmarks contain coverage gaps far beyond random uniform sampling is robust.

C.7 Additional Experimental Details and Results

Our code repository is available at:

https://anonymous.4open.science/r/Benchmark-Empirical-Measure-527B.
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Algorithm 1 Quantile-Matching Benchmark Calibration
Require: Normalized item difficulties z1, . . . , zn ∈ [0, 1], subset size k, target quantile function Qµ

1: Initialize selected set A← ∅ and available set U ← [n]
2: for t = 1, . . . , k do
3: Set target quantile level

τt ←
t− 1

2

k
4: Set target difficulty location

qt ← Qµ(τt)

5: Select the closest unused item:

it ∈ argmin
i∈U
|zi − qt|

6: Update A← A ∪ {it}
7: Update U ← U \ {it}
8: end for
9: return A

We conducted all experiments on NVIDIA L40S GPUs with 48GB memory and NVIDIA RTX PRO 6000
Blackwell Server Edition GPUs with 96GB memory. Fig. 5 provides the difficulty-distribution plots for the
remaining benchmarks not shown in Fig. 3, following the same visualization format.

D Benchmark Calibration

Problem setting. The measure-mismatch perspective suggests a natural way to redesign a benchmark: adjust
the benchmark empirical measure so that it better matches a target evaluation distribution. Consider a benchmark

B = {x1, . . . , xn},

where each item xi has an estimated difficulty zi ∈ [0, 1]. The benchmark induces the empirical measure

νB =
1

n

n∑
i=1

δzi

over the difficulty axis. Given a target distribution µ ∈ P([0, 1]), benchmark calibration aims to construct a new
benchmark B′ whose empirical measure νB′ is closer to µ than νB is.

In this work, we instantiate benchmark calibration through pruning. Specifically, we retain k items from the
original benchmark by selecting a subset A ⊆ [n] with |A| = k. The selected items form a calibrated benchmark

BA = {xi : i ∈ A},

with empirical difficulty measure

νA =
1

k

∑
i∈A

δzi .

The goal is to choose A so that νA better approximates the target distribution µ, for example as measured by
DDM(BA;µ) = W1(νA, µ).

A simple calibration algorithm. We use a simple greedy quantile-matching pruning procedure, summa-
rized in Alg. 1. Let Qµ denote the quantile function of the target distribution µ. Given a subset size k, we first
construct k target difficulty locations by taking the midpoints of k equal-probability intervals under µ:

τt =
t− 1

2

k
, qt = Qµ(τt), t = 1, . . . , k.

We then match these target locations to existing benchmark items. Specifically, after normalizing item difficulties
to [0, 1], we iterate over q1, . . . , qk and select the unused item whose difficulty is closest to the current target
location:

it ∈ arg min
i∈[n]\{i1,...,it−1}

|zi − qt|.

The calibrated subset is A = {i1, . . . , ik}.
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D.1 Experimental Setup

In practice, given any target distribution over the difficulty axis, our benchmark calibration idea and Alg. 1 can
be applied directly. In this experiment, we study whether such calibration can make a single benchmark produce
model rankings that are more consistent with a broader in-domain benchmark family.

We consider N = 8 math benchmarks, as shown in Tab. 3. For each benchmark Bi, we treat it as the source
benchmark to be calibrated, and use the remaining benchmarks {Bj : j ̸= i} only to construct an external
reference ranking over models. This leave-one-out design evaluates whether the ranking induced by a calibrated
version of Bi better agrees with the ranking obtained from other benchmarks in the same domain.

Concretely, let
Bi = {xi1, . . . , xini}

be the i-th benchmark, where item xiℓ has normalized difficulty ziℓ ∈ [0, 1]. Since the leave-one-out reference
ranking is aggregated from multiple benchmarks in the same domain, it is less tied to the idiosyncratic difficulty
concentration of any single source benchmark. We therefore use calibration to prune items from difficulty
regions where the source benchmark is overly concentrated. In the absence of an application-specific target
distribution, we instantiate the calibration target as the uniform distribution

λ = Unif[0, 1].

This choice should not be interpreted as assuming that the leave-one-out reference distribution is exactly uniform.
Rather, uniform calibration provides a neutral debiasing strategy: it does not privilege any difficulty region a
priori, and it counteracts benchmarks whose empirical mass is concentrated in a narrow portion of the difficulty
axis.

We apply Alg. 1 to Bi with target distribution λ, producing a calibrated subset Ai ⊆ [ni] of size ki. The
calibrated benchmark is

Bi,Ai = {xiℓ : ℓ ∈ Ai}.

Suppose all benchmarks evaluate the same M models. Let Si(m) denote the average score of model m on the
full source benchmark Bi, and let Si(Ai,m) denote its average score on the calibrated subset. The uncalibrated
ranking is induced by

Si(m), m = 1, . . . ,M,

while the calibrated ranking is induced by
Si(Ai,m), m = 1, . . . ,M.

For the leave-one-out reference ranking, we aggregate model scores over the remaining benchmarks:

Sref
−i (m) =

1

N − 1

∑
j ̸=i

Sj(m).

The ranking induced by Sref
−i (m) serves as the external reference ranking for source benchmark Bi.

For each source benchmark, we compute the Spearman and Kendall correlations between the source-induced
ranking and the leave-one-out reference ranking, both before and after calibration. Improved correlation after
calibration suggests that pruning the source benchmark toward a more balanced difficulty distribution makes its
model comparison more consistent with the broader in-domain benchmark family.

D.2 Results

Experimental results are reported in Tab. 11. The results show that our calibration algorithm improves the
agreement between the source benchmark ranking and the leave-one-out reference ranking. On average,
calibration improves Spearman correlation from 0.890 to 0.930, and Kendall correlation from 0.802 to 0.848.
The improvement is especially pronounced on benchmarks with weaker initial agreement. Notably, on Minerva-
Math, the full benchmark achieves only 0.601 Spearman and 0.455 Kendall correlation with the reference
ranking, while calibration improves them to 0.790 and 0.667, respectively. Similarly, on Gaokao2023en,
calibration improves Spearman from 0.888 to 0.951 and Kendall from 0.788 to 0.879. For the remaining
benchmarks, the initial agreement is already high, leaving less room for improvement; nevertheless, calibration
consistently preserves this high level of agreement while using the pruned benchmark.

We include a random pruning baseline that uses the same pruning size as our calibrated subset and average
its results over 30 random trials. Random pruning is less effective than calibration: it achieves 0.895 average
Spearman and 0.801 average Kendall correlation, both below the calibrated subset. We also report W1(ν,Unif)
as a mechanism metric. Calibration consistently reduces this distance across all benchmarks, decreasing the
average value from 0.096 to 0.028. In contrast, random pruning does not reduce this distance on average,
yielding an average value of 0.109. This suggests that the improvement is not simply due to using a smaller
benchmark, but comes from selecting items whose empirical difficulty measure better matches the neutral
calibration target.

29



Table 11: Benchmark calibration results on eight math benchmarks. For each source benchmark,
Full denotes the original benchmark, Random denotes the average over 30 random pruned subsets of
the same size, and Cal. denotes the calibrated subset produced by our quantile-matching benchmark
calibration algorithm. Spearman and Kendall measure agreement with the leave-one-out reference
ranking. We report W1(ν,Unif) as a mechanism metric to verify that calibration moves the selected
benchmark measure closer to the neutral uniform distribution. Bold values indicate the best result
among Full, Random, and Cal. for each benchmark and metric.

Spearman ↑ Kendall ↑ W1(ν,Unif) ↓
Benchmark Full Random Cal. Full Random Cal. Full Random Cal.

Minerva-Math 0.601 0.649 0.790 0.455 0.514 0.667 0.122 0.115 0.005
MATH-500 0.930 0.942 0.958 0.879 0.878 0.909 0.164 0.165 0.099
Gaokao2023en 0.888 0.895 0.951 0.788 0.790 0.879 0.088 0.086 0.029
AIME24 0.944 0.942 0.944 0.848 0.847 0.848 0.077 0.108 0.019
AIME25 0.958 0.936 0.972 0.909 0.854 0.915 0.079 0.126 0.020
AIME26 0.949 0.950 0.970 0.870 0.867 0.901 0.085 0.108 0.017
AMC23 0.937 0.934 0.937 0.848 0.848 0.848 0.088 0.093 0.025
OlympiadBench 0.916 0.910 0.916 0.818 0.806 0.818 0.064 0.067 0.008

Average 0.890 0.895 0.930 0.802 0.801 0.848 0.096 0.109 0.028

E Additional Details and Experimental Results of BENCHFILL

30



Algorithm 2 BENCHFILL

Require: Benchmark items with normalized difficulties {(xi, zi)}ni=1; target gap [zL, zR]; rewriter
LLM G; validity judge J ; IRT evaluation LLMs {Mj}mj=1 with pre-estimated IRT abilities
{θ̂j}mj=1; trials per LLM {Kj}mj=1; number of parents R; children per parent C; reference list
budget L; maximum rounds T ; tolerance τ on the normalized [0, 1] scale.

Ensure: A proposed gap-filling item x⋆
item.

1: Set target difficulty z⋆ ← (zL + zR)/2.
2: Initialize memoryM with existing annotated item–difficulty pairs near the selected gap.
3: Initialize valid candidate set Cvalid ← ∅.
4: for t = 1, . . . , T do
5: Retrieve a parent set St ⊆M with at most R items whose annotated difficulties are closest

to z⋆.
6: Construct a reference listRt ⊆M with |Rt| ≤ L using nearby item–difficulty pairs around

z⋆, with up to half selected from below z⋆ and the rest from above z⋆ when available.
7: for each parent item (xp, zp) ∈ St do
8: Rescale the displayed difficulties in z⋆ andRt from [0, 1] to [0, 10] for prompting.
9: Rewrite the parent into C child items conditioned on the parent item, target difficulty, and

reference list:
{xp,1, . . . , xp,C} ← G(xp, z

⋆,Rt).

10: for each child item xp,c do
11: if J verifies that the reference answer of xp,c is correct then
12: for j = 1, . . . ,m do
13: Evaluate LLM Mj on xp,c for Kj trials and record cj correct responses.
14: end for
15: Estimate the item difficulty by online calibration:

b̂p,c ← argmax
b

m∑
j=1

[
cj log σ(θ̂j − b) + (Kj − cj) log

(
1− σ(θ̂j − b)

)]
.

16: Normalize b̂p,c using the same transformation as the original benchmark and
obtain ẑp,c.

17: Add (xp,c, ẑp,c) toM.
18: Add (xp,c, ẑp,c) to Cvalid.
19: end if
20: end for
21: end for
22: if Cvalid ̸= ∅ and min(x,ẑ)∈Cvalid

|ẑ − z⋆| ≤ τ then
23: break
24: end if
25: end for
26: if Cvalid = ∅ then
27: return failure
28: end if
29: Select the closest valid child item:

(x⋆
item, ẑ

⋆)← arg min
(x,ẑ)∈Cvalid

|ẑ − z⋆|.

30: return x⋆
item as the proposed gap-filling item, subject to human expert review.

E.1 Implementation Details

For each benchmark, we focus on the three most pronounced gaps in its estimated difficulty distribution and
rewrite one item for each gap. Since an LLM may not reliably distinguish small numerical differences on the
normalized [0, 1] difficulty scale when the target difficulty is provided in the prompt, we rescale difficulty values
to [0, 10] for prompting while keeping all reported metrics on the original normalized scale.

For the reference list, we include nearby item–difficulty pairs on both sides of the target difficulty. Specifically,
half of the reference items are selected from those with difficulty below the target and closest to it, and the other
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half are selected from those with difficulty above the target and closest to it. This provides the rewriter with local
bidirectional context around the desired difficulty level. The full rewriter prompt template is provided below.

For difficulty annotation, we use the same set of LLMs and the same generation configuration as in the original
difficulty estimation stage. The search stops early if the best valid item found so far is within tolerance τ = 0.01
of the target difficulty on the normalized [0, 1] scale, or otherwise stops after the maximum number of rounds.
We then select the valid item whose annotated difficulty is closest to the target. Before being inserted into the
benchmark, each selected item undergoes a manual validity check by at least three human experts, who verify its
correctness.

We additionally implement a budget-matched best-of-N uniform-parent rewriting baseline. For each target gap
g, let Tg denote the number of rounds actually run by BENCHFILL before stopping. Since BENCHFILL rewrites
4 parents per round and produces 4 child items per parent, its proposal budget for this gap is Tg × 4× 4 = 16Tg

child items. To match this budget, the baseline uniformly samples 4 existing benchmark items as parents and
asks the same rewriter LLM to rewrite 4Tg child items from each parent, conditioned on the parent item and
the target difficulty. After difficulty annotation, it selects the valid child item whose difficulty is closest to the
target among all generated candidates. Thus, the baseline uses the same total rewrite budget and the same
final selection rule as BENCHFILL, but does not use difficulty-aware parent retrieval, nearby reference lists, or
iterative memory updates.

Rewriter Prompt Template

Rewrite the parent item below into exactly 1 new benchmark item variant. Target
difficulty (0–10 scale, higher = harder): {target_difficulty}.

Parent item (rewrite this item into a new variant – do not copy its specific
wording, numbers, or answer):
{parent.question}
Answer: {parent.reference_answer}
Difficulty (0–10): {parent.difficulty} | delta {target - parent.difficulty} |
generate {harder|easier}

Memory items (use as style/difficulty reference only, do not copy):

–- Memory 1 –-
{memory[0].question}
Answer: {memory[0].reference_answer}
Difficulty (0–10): {memory[0].difficulty} | delta {target -
memory[0].difficulty} | generate {harder|easier}

–- Memory 2 –-
{memory[1].question}
Answer: {memory[1].reference_answer}
Difficulty (0–10): {memory[1].difficulty} | delta {target -
memory[1].difficulty} | generate {harder|easier}

... (one block per memory item) ...

Return only one markdown code block: start the first line with ```json, then a
newline, then a single JSON array with exactly 1 element, then close with ``` on
its own line. Do not put anything after the closing fence.

Do not stop until the JSON is syntactically complete: every string value is
closed with ", every object is closed with }, the array ends with ], and then
the closing ``` line.

The array must have exactly 1 element – an object with exactly these keys: "id"
(string), "question" (string), "answer" (string).

E.2 Additional Experimental Results

Human validation. We ensure the reliability of the generated gap-filling items using a two-stage validation
process. GPT-5.4 first serves as an automatic validity judge, checking whether each candidate is well-formed
and whether its reference answer is correct; candidates that fail this check are discarded and regenerated. Human
experts then independently audit the final selected items. Across the 24 target gaps, one initially proposed
candidate failed the GPT-5.4 check because of an incorrect reference answer and was regenerated. All 24 final
selected items passed the GPT-5.4 validity check and subsequently passed human review without modification
or replacement.
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Table 12: Localized-improvement detection results. Each augmentation method adds one item
to the original 30-item benchmark. Gain denotes the change in average accuracy. The one-sided
stratified randomization test randomly reassigns rollout outcomes between the pre- and post-SFT
conditions within each item using 100,000 permutations. Boldface indicates variants for which a
positive gain is detected at p < 0.05.

Case Benchmark variant Gain One-sided p Detected

AIME24
Olmo-3.1-32B-Think

Original +0.104 0.500100 ×
Original + BenchFill +2.419 0.005940 ✓
Original + Baseline +0.202 0.458000 ×

AIME25
Phi-4

Original +1.042 0.184100 ×
Original + BenchFill +3.730 0.000450 ✓
Original + Baseline +0.907 0.214200 ×

AIME26
Llama-3.1-8B-Instruct

Original +0.208 0.418400 ×
Original + BenchFill +3.427 0.000010 ✓
Original + Baseline +0.101 0.498000 ×

Does the rewriter perceive difficulty? A natural question is whether our rewriter indeed perceives
difficulty, instead of hitting the target difficulty blindly. We examine this question from two complementary
angles: whether the rewriter already shows difficulty sensitivity before iterative feedback, and whether the
subsequent search-and-annotate loop further improves alignment with the target difficulty.

First, to isolate the rewriter’s own difficulty perception from later IRT feedback and iterative search, we analyze
only the first generation round of each gap-filling case. At this stage, the rewriter is conditioned on the
specified target difficulty, but has not yet received feedback on the annotated difficulties of its generated children.
Fig. 6 shows the specified target difficulty and the annotated difficulty of valid first-round children across all 8
benchmarks and 3 target gaps per benchmark. Within most benchmarks, higher specified targets produce higher
mean annotated difficulties, and well-separated targets usually induce distinct child-difficulty distributions. This
indicates that the rewriter already has non-trivial sensitivity to the specified difficulty scale before iterative
feedback is introduced.

Second, we examine whether the search-and-annotate loop further improves target alignment. Fig. 7 shows one
representative gap-filling case from each benchmark. Across these cases, the mean absolute target deviation
generally decreases from the first round to the final round, and in most cases the generated children also become
more concentrated around the target. This suggests that the iterative loop further refines the rewriter’s initial
difficulty signal using IRT annotation and updated memory.

Detecting localized model improvements. We further examine whether BENCHFILL improves a bench-
mark’s ability to detect localized model improvements beyond reducing difficulty gaps. We consider one target
gap in each of AIME24, AIME25, and AIME26, and compare three benchmark variants: Original, Original
+ BenchFill, and Original + Baseline. Both augmentation methods insert exactly one item into the
original benchmark. We perform mild SFT so that the model improves around the target gap region. Each item
is evaluated with 32 rollouts before and after SFT, and we test whether the gain is statistically detectable using a
one-sided stratified randomization test (p < 0.05).

As shown in Tab. 12, Original + BenchFill detects a positive post-SFT gain in all three cases (3/3), while
Original and Original + Baseline detect none (0/3 each). This shows that BENCHFILL is not merely
improving the metric it optimizes; by filling under-covered difficulty regions, it makes the benchmark more
sensitive to localized model improvements that would otherwise be missed.

Representative examples. To provide a qualitative view of the generated gap-filling items, we show
representative rewriting examples in Tab. 13. Each example presents a final selected item together with its
original ancestor from the benchmark, as well as the ancestor difficulty, target difficulty, and annotated difficulty
of the selected item. The examples illustrate how BENCHFILL modifies existing benchmark items to reach
previously under-covered difficulty levels.
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Table 13: Representative pairs of original benchmark ancestors and final selected items
produced by BENCHFILL. All difficulty values are normalized to [0, 1]. The main change from the
ancestor item to the selected item is highlighted. For selected items, values in parentheses denote the
target difficulty.

Benchmark Original benchmark ancestor Selected gap-filling item

Item Diff. Item Diff.

AMC23 For how many integers n does the

expression
√

log(n2)−(logn)2

logn− 3
represent a real number, where log
denotes the base-10 logarithm?

0.535 Find the number of integer values of n such that√
log(n2)−(logn)2

logn− 1
represents a real number,

where log denotes the base-10 logarithm.

0.597
(0.598)

Gaokao2023en On an 8× 8 chessboard,

6 black rooks and k white rooks
are placed on different cells so that
each rook only attacks rooks of
the opposite color. Compute the
maximum possible value of k.
(Two rooks attack each other if
they are in the same row or
column and no rooks are between
them.)

0.864 On a 9× 9 chessboard, 7 black rooks and k

white rooks are placed on distinct squares so that
each rook attacks only rooks of the opposite color.
What is the maximum possible value of k? (Two
rooks attack each other if they are in the same row
or column and there is no rook between them.)

0.886
(0.885)

AIME25 Alex divides a disk into
four quadrants with two

perpendicular diameters
intersecting at the center of the
disk. He draws
25 more line segments through

the disk, each connecting two
points at random on the perimeter
in different quadrants . Find the
expected number of regions into
which these 27 line segments
divide the disk.

0.750 A circle has a diameter drawn, splitting it into
two semicircular regions . Then 8 chords are

drawn, each connecting a random point on the
boundary in one semicircle to a random point

on the boundary in the other semicircle .
Assuming all points are chosen uniformly and
independently, what is the expected number of
regions into which the interior of the circle is
divided?

0.674
(0.671)
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Figure 5: Additional benchmark difficulty distributions. Each panel shows the ECDF of normal-
ized item difficulties for one benchmark. The black curve denotes the benchmark ECDF, and the gray
dashed line denotes the uniform ECDF, which we use as the target difficulty distribution. Deviations
from the uniform ECDF indicate mismatch relative to this neutral target distribution. Colored shaded
intervals mark the five largest adjacent gaps between sorted item difficulties.
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Figure 6: First-round alignment of specified target difficulty and annotated difficulty. Each
panel corresponds to one benchmark. The horizontal axis shows the specified target difficulty, and the
vertical axis shows the annotated difficulty of valid first-round children. Blue points denote individual
generated children, and red markers denote the mean and standard deviation for each target difficulty.
The dashed diagonal indicates perfect alignment. For readability, both axes are shown on a 0–10
scale, corresponding to normalized difficulties in [0, 1] multiplied by 10. Within most benchmarks,
higher specified targets produce higher annotated difficulties already in the first round, before any
iterative feedback is incorporated.
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Figure 7: Multi-round target alignment during BENCHFILL search. Each panel shows one
representative gap-filling case from a different benchmark. The horizontal axis denotes the generation
round, and the vertical axis denotes the absolute target deviation, |ẑ − z⋆|, for generated children.
Blue points denote individual generated children, and red markers denote the round-level mean and
standard deviation. Across most cases, the mean target deviation decreases over rounds, and the
generated children become more concentrated around the target, showing that the search-and-annotate
loop further improves target alignment beyond the rewriter’s initial difficulty sensitivity.

36


	Introduction
	Formalization and Theory
	Measure Mismatch
	Coverage Gaps

	Empirical Diagnosis of Current Benchmarks
	Difficulty Estimation and Metrics Calculation
	Results and Analysis

	BenchFill: Difficulty-Targeted Gap Filling
	Problem Setting and Method
	Experimental Setup and Results

	Related Work
	Conclusion
	Limitations and Future Work
	Discussion
	Broader Impacts
	Extended Related Work

	Theoretical Results and Proofs
	Measure Mismatch
	Coverage Gaps

	Difficulty Estimation Details and Additional Results
	Benchmark Details
	Model Selection Details
	IRT Fitting and Diagnostics
	Metric Calculation Details
	Model Comparison for Different Difficulty Estimation Models
	Posterior Uncertainty Analysis
	Additional Experimental Details and Results

	Benchmark Calibration
	Experimental Setup
	Results

	Additional Details and Experimental Results of BenchFill
	Implementation Details
	Additional Experimental Results


