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Abstract
AI evaluations have become the primary evidence
for deploying generative AI systems across high-
stakes domains. However, current evaluation
paradigms often exhibit systemic validity fail-
ures. These issues, ranging from unjustified de-
sign choices to misaligned metrics, remain in-
tractable without a principled framework for gath-
ering validity evidence and conducting granular
diagnostic analysis. In this position paper, we ar-
gue that item-level AI benchmark data is essen-
tial for establishing a rigorous science of AI eval-
uation. Item-level analysis enables fine-grained
diagnostics and principled validation of bench-
marks. We substantiate this position by dissecting
current validity failures and revisiting evaluation
paradigms across computer science and psycho-
metrics. Through illustrative analyses of item
properties and latent constructs, we demonstrate
the unique insights afforded by item-level data. To
catalyze community-wide adoption, we introduce
OpenEval, a growing repository of item-level
benchmark data designed supporting evidence-
centered AI evaluation.

1. Introduction
Generative AI has drastically expanded automation, reshap-

ing the social and economic fabric (Zhao et al., 2025). As
these models move into high-stakes deployments, the risk
of unpredictable behavior necessitates rigorous oversight
and regulation. Consequently, AI evaluation, which is cur-
rently dominated by benchmarking practices (Eriksson et al.,
2025), is essential for understanding model capabilities, in-
forming AI policy, and guiding responsible deployment
across domains.

Benchmarks have a long history as standardized tests for
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comparing systems, such as computing power (e.g., Don-
garra et al., 1979) and component-level efficiency (e.g., UL
Enterprise, 2002). Contemporary AI benchmarks primarily
rely on curated datasets designed to operationalize specific
capabilities, including reasoning (e.g., Valmeekam et al.,
2022), tool use (e.g., Huang et al., 2024), social skills (e.g.,
Choi et al., 2023), and domain knowledge (e.g., Petroni
et al., 2021). Characterized by capability-to-task break-
downs, task-specific metrics, and score aggregation (Liu
et al., 2024), this paradigm provides a standardized, empiri-
cal basis for comparing AI system performance.

However, providing a defensible picture of model capabili-
ties is increasingly difficult as the validity of AI benchmarks
called into question (Raji et al., 2021). A central limitation
is that critical design choices — including capability defini-
tions, content curation, and metric selection — often lack
transparency or formal justification (Liu et al., 2024). This
opacity undermines the validity evidence (Blodgett et al.,
2021; Liu et al., 2024) needed to support the interpretations
of results, making it unclear whether benchmarks genuinely
measure their intended constructs, despite explicit metadata
or task descriptions (Akyürek et al., 2022). Furthermore,
when the motivations for specific design paths are not clearly
articulated, benchmarks become prone to redundancy (Polo
et al., 2024; Ott et al., 2022).

Compounding these internal design limitations is the rapid
evolution and opacity of modern AI systems, which con-
tinue to impose new pressures on benchmarking practices.
The speed of AI development manifests as benchmark satu-
ration (Ott et al., 2022), rapidly outdated content (Jiang
et al., 2025b), and widespread data contamination (Xu
et al., 2025a), rendering the resulting scores uninforma-
tive or misleading for deployment decisions (Golchin &
Surdeanu, 2024). Further, the proliferation of model ca-
pabilities and task settings has created a widening socio-
technical gap between technical solutions and real-world
requirements (Wagstaff, 2012; Liao & Xiao, 2025). This
lack of clear rationale also leads to redundancy, as new
benchmarks often duplicate existing efforts without adding
unique evaluative insights (Blodgett et al., 2020).

Crucially, many validity issues are not diagnosable from
benchmark analyses with the model scores at the benchmark-
level. Benchmark-level scores do not provide a sufficient
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evidentiary basis for evaluating item quality, construct cov-
erage, or potential confounders. Foundational questions—
including whether items effectively differentiate model ca-
pabilities, how construct-irrelevant nuisance factors drive
performance, or whether gains reflect genuine reasoning
rather than artifacts—are inherently item-level inquiries.
Without item-level response data, our field lacks the em-
pirical evidence required to evaluate and curate effective
benchmarks. We therefore argue that broader access to
and analysis of item-level AI benchmark data are es-
sential for establishing a more scientifically grounded,
evidence-centered approach to AI evaluation.

Item-level assessment data have long been significant to
test development and validation across education, psychol-
ogy, and other social sciences disciplines concerned with
measuring human abilities. Adapting these established prac-
tices to AI evaluation, through a community-wide push for
broader data access, could transform fragmented results
into cumulative empirical evidence. Leveraging the rich
information from item content, score statistics, and per-item
model responses, item-level analyses complement existing
paradigms to enable more rigorous benchmark validation,
granular diagnostics of benchmark characteristics, and more
informed benchmark design.

In this position paper, we analyze validity failures in AI
benchmarking and link them directly to the current neglect
of item-level data in Sec. 2. By contrasting paradigms in
computer science and psychometrics, we motivate an item-
level shift (Sec. 3) and formalize our position (Sec. 4). In
Sec. 5, we present illustrative item-level analyses on se-
lected AI benchmark datasets to highlight the unique in-
sights afforded by item-level data. Finally, we introduce a
growing, large-scale item-level benchmark data repository,
OpenEval, in Sec. 6 to encourage further community ef-
fort and action, and discuss broader opportunities beyond
benchmarking enabled by item-level benchmark data in
Sec. 7.

2. Validity Issues in AI Benchmarking
Despite their pivotal role in AI evaluation, current AI

benchmarks face methodological and practical validity chal-
lenges that stem from a neglect of item-level data.

2.1. Validity Problems in Benchmark Design

The term validity, specifically construct validity, was for-
malized by Cronbach & Meehl (1955) in modern psycho-
metrics and is directly applicable to AI evaluation (Xiao
et al., 2023). A construct refers to a theoretical, unobserv-
able attribute or trait (e.g., a perceived AI capability) that
a test is intended to measure. Validity reflects how well an
assessment measures the intended underlying outcome (Son,

2020) and is critical for ensuring benchmark quality.

As noted by Westen & Rosenthal (2003), construct validity
is a central concept in psychology, particularly for inform-
ing the design of psychological measures. In AI evalu-
ation, however, it has received limited attention, despite
benchmark creation involving numerous design decisions,
including target user selection, construct-to-task operational-
ization, and scoring metrics. These decisions are often
oversimplified due to a dominant focus on benchmark-level
results, leaving only standard or default settings (e.g., Liang
et al., 2023; Wang et al., 2019) and insufficient evidence for
validity justification (Liu et al., 2024).

These hidden ambiguities have resulted in a lack of a com-
mon language for communicating construct validity within
the AI community. Although there are several studies ex-
ploring validity-relevant properties (e.g., Yao et al., 2025a;
Wu et al., 2025), research explicitly assessing the construct
validity of AI benchmarks remains limited. Existing anal-
yses suggest that many benchmarks’ construct validity has
yet to improve and that detailed validity evidence should be
extracted not only from benchmark-level information (e.g.,
Blodgett et al., 2021; Bean et al., 2025; Salaudeen et al.,
2025), highlighting the need to examine item-level data.

2.2. Validity Degradation over the Benchmark Lifecycle

Once released, a benchmark inevitably experiences validity
degradation over its lifecycle. Many popular static bench-
marks are approaching their sunset stage, where results and
conclusion derived from them are no longer informative or
reliable (Dehghani et al., 2021; Kamradt, 2025).

First, as AI systems and real-world knowledge evolve,
some benchmarks have gradually saturated, with most items
becoming too easy to distinguish between current mod-
els (Ott et al., 2022; Deveci & Ataman, 2025). For instance,
RealToxicityPrompts (Gehman et al., 2020) is one
of the most widely used AI toxicity benchmarks. Although
by 2023 it could no longer differentiate between multiple
versions of GPT (Jiang et al., 2025a), it remained widely
used in AI safety research beyond 2024. Other benchmarks
requiring factual knowledge are more time-sensitive: once
references become outdated, the corresponding test items
risk yielding unreliable assessments (Jiang et al., 2025b).

Another problem is data contamination, which is sub-
tler due to the lack of transparency of AI system de-
velopment. As AI training and evaluation scale, many
omnibus benchmarks now aggregate multiple previous
benchmarks, particularly general-purpose suites such as
BigBench (Ghazal et al., 2013), SuperGLUE (Wang
et al., 2019), and MMLU (Hendrycks et al., 2021; Wang
et al., 2024). This growing aggregation makes data prove-
nance harder to trace, and even inadvertent test–train overlap
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Evaluation Setting

Pre-Nov. 2023 models on MMLU 

Post-Jun. 2024 models on MMLU-Pro

Figure 1. Benchmark-level accuracy distributions for 66 pre–Nov.
2023 models on MMLU and 72 post–Jun. 2024 models on MMLU-
Pro. Results are from HELM-Classic and HELM-Capabilities.

can lead to unfair evaluations, which are nearly impossible
to detect at benchmark level without explicit reporting by
developers (Zhang et al., 2025).

These issues are difficult to diagnose and address without
item-level details. As shown in Fig. 1, while both AI sys-
tems and benchmarks are advancing, the average accuracy
distribution on MMLU continues to shift upward. Without fur-
ther inspection of individual test items, it remains unknown
whether the observed improvements reflect genuine capa-
bility gains, benchmark saturation, or data contamination,
not to mention which items should be removed or retained.
To mitigate these issues, some benchmarks are periodically
updated manually (e.g., Lin et al., 2024a; White et al., 2025),
but such approaches are time-consuming and costly. LLM-
powered benchmarking (e.g., Kiela et al., 2021; FadillAmir,
2025) improves efficiency, yet the validity of the synthe-
sized test items has been questioned by Bowman & Dahl
(2021). More targeted, item-level methods are still lacking
to compensate for the benchmark validity degradation.

2.3. Validity Challenges for Future Benchmarks

Moreover, emerging AI capabilities and evolving user
needs continuously reshape the requirements for benchmark
selection, analysis, and creation.

As AI systems exhibit increasingly diverse capabilities and
users demand a widening range of use cases, benchmark
selection becomes more complex, which requires item-
level analyses that reveal underlying constructs and provide
stronger evidentiary insight. However, even well-chosen
benchmarks can yield invalid conclusions if the analysis is
flawed. As shown by Bean et al. (2025), simply relying
on aggregate benchmark scores, i.e., the final results may
produce misleading conclusions about model capabilities.
Beyond the validity degradation discussed in Sec. 2.2, the fi-
nal results can be influenced by many confounders unralted
to system ability (Xu et al., 2025b), such as erroneous items,

spurious correlations, or unintended shortcuts exploited by
models (e.g., Du et al., 2021; Nahum et al., 2025). The
absence of item-level information hinders reasoning about
what actually drives benchmark performance, leaving the
validity of benchmark analyses unjustified.

Moreover, since current evaluation results are aggregated
and not consistently released across leaderboards, they are
neither comparable nor easily built upon, which ultimately
limits the scalability of benchmark analysis. This further
underscores the necessity of a consistent, item-level release
of benchmark data.

A common scenario, however, is: what if no existing bench-
marks adequately meet user needs? Traditional manual cu-
ration is too inefficient to be viable. Automatic benchmark
generation techniques, such as adversarial filtering (e.g.,
Le Bras et al., 2020; Nie et al., 2020), item generation (e.g.,
Lin et al., 2024b; Kim et al., 2025), and difficulty adjust-
ment (e.g., Truong et al., 2025), requires exploring inter-
item dynamics. Meanwhile, theoretically grounded valida-
tion for these dynamic, adaptive benchmarks appears largely
absent from the science of AI evaluation, as do principles
for guiding the construction of such benchmarks. Lessons
from existing benchmark data are largely ignored at the item
level, which needs systematic analysis to inspire the creation
of more future-proof evaluations.

3. Current Approaches to Benchmark Analysis
Benchmark analysis provides guidance on interpreting

and extrapolating the outcomes of various benchmarking
practices, which is indispensable for evaluation.

3.1. Benchmark Analysis in AI

In AI research, benchmark analysis has traditionally fo-
cused on aggregate comparisons that provide a high-level
overview of model performance, such as leaderboards rank-
ing many models on maintained benchmarks (e.g., Ni et al.,
2024; Chiang et al., 2024); task-specific assessments ana-
lyzing system performance on selected tasks (e.g., Li et al.,
2024; Yao et al., 2025b); or technical reports showcasing
the capability sets of one or a series of models (e.g., Ope-
nAI et al., 2024; Grattafiori et al., 2024). In these analy-
ses, benchmarks serve as tools rather than research objects,
and the validity of measurements depends on the employed
benchmarks’ scientific adequacy, which is rarely examined.

To fill this gap, some studies have begun to examine bench-
mark quality through qualitative meta-analyses by expert
reviewers (e.g., Blodgett et al., 2021; Reuel et al., 2024;
Bean et al., 2025) and to propose benchmark design goals.
Several conceptual frameworks have been introduced to
guide such qualitative analyses of benchmark validity (e.g.,
Liu et al., 2024; Salaudeen et al., 2025). Item-level in-
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spection is implicitly involved in these analysis, and most
findings suggest that the overall construct validity of many
AI benchmarks remains concerning.

Further quantification of benchmark validity has prompted a
growing number of studies to analyze item-level benchmark
data, often focusing on test data quality or enhancing evalu-
ation efficiency through item selection. For example, item
difficulty estimation is common in such item-level analyses
(e.g., Yao et al., 2025a; Li et al., 2025a), as more diffi-
cult items are intuitively better at distinguishing stronger
models. The ability to separate different capability levels
has also been treated as a benchmark characteristic (e.g.,
Heineman et al., 2025; Li et al., 2025b). Other proper-
ties includes item diversity (e.g., Muennighoff et al., 2023;
Yao et al., 2025a), inter-benchmark agreement (e.g., Perlitz
et al., 2025; Liu et al., 2025), and downstream performance
predictability (e.g., Bhojanam & Mehta, 2025; Magnusson
et al., 2025; Wu et al., 2025).

Despite significant progress, the lack of a large-scale, con-
sistent item-level data release means these analyses are typ-
ically isolated, irreproducible and largely constrained to
relatively monotonic scenarios, leaving substantial room for
further exploration.

3.2. Item Analysis Practice in Psychometrics

Psychometrics treats item-level analysis as foundational to
test construction, revision, and validation. According to the
Standards for Educational and Psychological Testing (Amer-
ican Educational Research Association et al., 2014) — a
consensus-based guideline articulating best practices for
developing tests, assembling validity evidence, and docu-
menting technical quality for responsible score interpreta-
tion — test validity is established through an iterative cycle
that combines (i) qualitative item review and (ii) empirical
item pretesting before operational use. During pretesting,
items are field-tested on a representative sample, and the
collected item-level response data are analyzed to verify that
items function as intended and that the resulting score has
adequate precision/reliability for its intended decisions.

The Standards further emphasize that when a single aggre-
gate score is interpreted as a meaningful summary, develop-
ers should provide evidence about a test’s internal structure,
i.e., whether items behave coherently as indicators of the
intended construct rather than reflecting multiple unrelated
dimensions. Such evidence is commonly statistically ex-
amined with item factor analysis (Anderson et al., 1958;
Reckase, 2006). For AI benchmarks, the direct analogue
is to examine whether a benchmark behaves as a coher-
ent measure of the intended capability versus reflecting
construct-irrelevant variance (construct contamination). In
benchmarks, potential sources of construct-irrelevant vari-
ance include formatting/annotation artifacts, answer-key

idiosyncrasies, and leakage. A practical empirical flag is
an item whose score is weakly, non-monotonically, or nega-
tively related to performance on the rest of the benchmark.

Item-level evidence is also central to item screening and
maintenance. Using field-test data and item statistics from
classical test theory or item response theory (Cook & Pito-
niak, 2025), developers screen for item difficulty coverage,
diagnose misfit, and decide on item revision/replacement
and form assembly to achieve adequate precision for the
intended use. When items are reused over time, monitor-
ing shifts in item statistics is also part of routine mainte-
nance and can flag potential leakage. These analyses guide
the detection of item misfit (i.e., empirical deviation from
test/model assumptions) and inform item revision, replace-
ment, and test assembly decisions, so that the resulting
aggregate score attains adequate precision for the intended
application.

From this perspective, reporting only aggregate LLM bench-
mark scores is analogous to reporting a single exam average
without access to the item-level evidence needed to evaluate
item functioning, dimensionality, and construct-irrelevant
variance. Consequently, claims about benchmark’s mea-
surement quality are empirically underdetermined. More
importantly, this perspective points toward a concrete op-
portunity for LLM research: psychometric test construction
practices and statistical tools provide a well-understood
and empirically-driven toolkit for analyzing benchmark
items, model abilities, and their interaction. Adopting these
practices to LLM benchmarks would enable measurement
theory-grounded, evidence-based analyses of benchmark va-
lidity, item quality, and the structure of model competence.
These analyses can directly inform benchmark revision and
validation in ways that aggregate scores alone do not allow.

4. A Missing Foundation for the Science of AI
Evaluation

Given the persistent validity issues in AI benchmarking
and the limits in existing benchmark analysis approaches,
item-level benchmark data is a crucial missing piece in
the science of AI evaluation. It lies in every AI evaluation
practice: detailed test conditions, the content of each item
and model response, and per-response scores and statistics,
forming a rich yet underexplored foundation for investigat-
ing the reliability and validity of AI benchmarking.

Item-level data enables fine-grained benchmark analysis
and valid, insightful AI evaluation. By providing insights
into AI systems beyond what is available from aggregate fi-
nal results, item-level data facilitates the attribution of model
behavior to measurable factors. This allows rigorous exam-
ination of how specific item properties are perceived and
manifested in AI systems, thereby informing interpretability
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Evaluation Setting

Pre-Nov. 2023 models on MMLU 

Post-Jun. 2024 models on MMLU-Pro
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Figure 2. Item characteristic distributions for MMLU and MMLU-
Pro. Item difficulty is transformed to Diffi=0.5−pi, with higher
values correspond to harder items.

and alignment research. Furthermore, it is key to uncovering
systematic strengths and weaknesses of AI systems across
latent factors with improved construct validity, such as cog-
nitive skills and reasoning types, which in turn supports
reasoning about capability application and generalization.

Item-level data enables the principled design of AI
benchmark. It is a prerequisite for developing measure-
ment theories for AI systems, including principled notions
of ability, reliability, and validity, analogous to those in
psychometrics. These theories, combined with the rich evi-
dence from item-level data, make it possible to scrutinize
and enhance benchmark validity. With principled practices,
such as quantifying item characteristics, identifying deci-
sive benchmark factors, and modeling relationships between
items and intended constructs, future benchmarks can clar-
ify the dynamic mapping between AI system mechanisms
and user interests.

Item-level data enables efficient maintenance and fair
administration of AI benchmarks. With increased access
to item-level data, the potential validity risks discussed in
Sec. 2.2, including benchmark saturation and data contam-
ination, can be timely diagnosed via item analyses using
score statistics and detailed test cases. Such analyses can
also effectively identifies and groups items of interest, pro-
viding valuable guidance for benchmark re-composition and
updates. In addition, releasing item-level data enhances
the transparency and scalability of AI benchmark analysis,
allowing findings to be replicated, extended, and compared
across studies, thereby prolonging benchmark lifecycles.

Item Characteristic Curves in MMLU
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Figure 3. ICCs for three items in MMLU.

5. Empirical Illustrations
To illustrate the unique insights enabled by item-level

benchmark data, we leverage item-level resources from
HELM-Classic (v0.3.0) and HELM-Capabilities (Liang
et al., 2023) to examine item characteristics and benchmark
sub-constructs decomposition.

5.1. Item Characteristics from CTT

An item’s statistical characteristics such as difficulty and
discrimination are routinely examined in psychometric test
development for quality assurance. We conduct a Classical
Test Theory (CTT) analysis of item characteristics from (1)
66 pre-Nov. 2023 models on 567 items in MMLU (Hendrycks
et al., 2021) and (2) 72 post–June 2024 models on 1,000
items in MMLU-Pro (Wang et al., 2024). MMLU-Pro
(Wang et al., 2024) was introduced as an enhanced vari-
ant of MMLU intended to increase difficulty and reduce noise
via additional distractors, more careful item curation, and
expert item review. CTT item analysis provides an empirical
way to evaluate these design claims.

For the i-th item in a benchmark, the item difficulty (pi) can
be estimated as (Gulliksen, 1950) the proportion of the max-
imum score achieved on the item averaged across models;
a larger pi indicates an easier item. The item discrimina-
tion (ri) is measured by the Pearson correlation between
the item score and the rest-total score (i.e., sum score on
all items except i) across all measured models (Henrysson,
1963). Higher ri indicates that item i can well-differentiate
models with strong vs. weak overall performance on the
benchmark, whereas negative or near-zero ri suggests a
potentially problematic item.

Fig. 2 shows the distributions of item difficulty and discrimi-
nation under the two evaluation settings. (Note that the CTT
item difficulties on MMLU and MMLU-Pro are specific to
their respective sample of models and are not comparable.)
There are two notable observations: (1) The high density of
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Figure 4. Item clusters on BabiQA based on factor loadings.

orange observations on the left indicates that a substantial
proportion of MMLU-Pro items have very low difficulty.
In other words, many items are no longer challenging for
the 72 post-June 2024 models, suggesting fast benchmark
saturation. (2) Compared to MMLU, item quality substan-
tially improved on the MMLU-Pro with much fewer items
with low or negative discrimination. This empirical obser-
vation is aligned with MMLU-Pro designers’ goal (Wang
et al., 2024) to build a more robust, less noisy benchmark.
However, some MMLU-Pro items still showed poor dis-
crimination. Although these items remained in MMLU-Pro
after expert item review, their poor empirical discrimination
merits additional scrutiny (e.g., for ambiguity, miskeying,
or construct-irrelevant cues).

To further understand how item discrimination manifests,
we plot the item characteristic curves (ICCs) of three items
in MMLU. For each item i, all models are sorted into six
equally-sized bins based on rest-total scores excluding item
i. The expected item i score (% of max score) within each
bin is then plotted in Fig. 3. Intuitively, a high discrimination
item’s expected score should increase with the total score
on the remainder of the test, resulting in a monotonically
increasing ICC. This was the case for item #496 which had
a high item discrimination (r496=0.84), whereas for items
#55 and #374 with near-zero or negative ri, models that did
well on the rest of the benchmark did worse on these items.

These findings can help identify low-quality items in the
benchmark, thereby improving the alignment between
benchmark outcomes and the design goals at a finer gran-
ularity, and supporting the maintenance and generation of
benchmark data.

5.2. Examining Benchmark Internal Structure via IFA

As discussed in Sec. 2, examination of benchmark internal
structure is essential for understanding what capabilities (or

Table 1. Example BabiQA item and the numbers of items with
different answer keys in each cluster in Fig. 4.

Example: Item #1295

Sheep are afraid of mice. Cats are afraid of mice. Jess-
ica is a sheep. Wolves are afraid of mice. Mice are afr-
aid of wolves. Emily is a wolf. Gertrude is a wolf.
Winona is a mouse. Question: What is Emily afraid of?

Answer: mouse

Number of Items

Item Answer Cluster #0 Cluster #1 Cluster #2

Sheep 0 0 240
Mouse 225 0 0

Cat 221 3 0
Wolf 6 326 0

sub-dimensions) it actually measures. Here, we performed
item factor analysis (IFA), using variants of conventional
IFA for high-dimensional data based on singular value de-
composition (SVD; Zhang et al., 2020) and Generalized
Low Rank Models (GLRM; Udell et al., 2016). We re-
port findings from BabiQA task 15 (basic deduction) and
MMLU-Pro. Additional analysis results on MMLU are pre-
sented in App. A.

BabiQA task 15 (Westen & Rosenthal, 2003) aims to assess
basic deductive reasoning via inheritance of properties. An
example item is shown in Table 1. To aid interpretations,
we performed K-means clustering to items’ factor loadings
on the top 3 factors obtained from SVD-based IFA, with
items within each cluster measuring similar sub-dimensions.
As shown in Fig. 4, 1,000 items in BabiQA formed three
distinct clusters. A closer examination raised a construct
validity flag: Table 1 shows that item clusters were explained
by the answer key to the item, suggesting that different
models’ performance on BabiQABenchmark were partially
explained by models’ propensity to select specific animals
that one is afraid of (e.g., potentially based on common
sense if a model tends to select “wolf”), rather than the
intended basic deduction capability. GLRM-based IFA
yielded consistent findings.

For MMLU-Pro, we interpret the top 4 factors retained from
GLRM-based IFA after varimax rotation. The top 100 items
with the largest absolute loadings on each factor were sent to
GPT-5 for interpretation. Table 2 presents a representative
item for each factor and the sub-dimension interpretation.
The four primary dimensions that best explained differences
in model performance appear to reflect different higher-
level reasoning capabilities, rather than subject domain
proficiency. This empirical finding supports MMLU-Pro’s
stated motivation to increase reasoning demands (Wang
et al., 2024) relative to MMLU. Indeed, items within the same
subject domain (e.g., Psychology and Physics in Fig. 9)
could differ substantially in loadings on the four factors.
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Table 2. Representative items with large absolute item factor loadings and possible constructs for each GLRM factor in MMLU-Pro. The
top 100 representative items are interpreted and summarized into a candidate label by GPT-5, then manually revised.

Factor Representative Item Potential Sub-Construct

MMLU-Pro #1

A 10kVA, 2400/240V, single-phase transformer has the following
resistances and leakage reactance. Find the primary voltage Formal, quantitative,
required to produce 240V at the secondary terminals at full load, multi-step modeling
when the load power factor is 0.8 power factor lagging/leading.

MMLU-Pro #2 What are the principal and selective instruments of control of which Domain-specific recall
the Federal Reserve System makes use? and simple reasoning

MMLU-Pro #3 What is meant by the term “hypothesis testing”? Conceptual understanding
and explanation

Which of the following might explain how a price decrease might Applied synthesis andMMLU-Pro #4 cause a decrease in quantity demanded and an upward-sloping case-based judgmentdemand curve?

As an external plausibility check using convergent and
discriminant validity evidence (Campbell & Fiske, 1959),
we correlate factor subscores (mean scores on the top-
100-loading items) with scores on two external bench-
marks: GPQA (Rein et al., 2024) (graduate-level biology,
physics, and chemistry) and Omni-MATH (Gao et al., 2025)
(Olympiad-level mathematics). Both target high-level for-
mal reasoning, with the former grounded more in applied
scientific contexts. We hypothesize that Factor #1 (formal,
quantitative, multi-step modeling) aligns with both bench-
marks, whereas Factor #4 (applied synthesis and case-based
judgment) aligns more with GPQA. Results in Fig. 5 are
broadly consistent with these hypotheses. Further, factors
#2 (domain-specific recall and simple reasoning) and #3
(conceptual understanding and explanation) showed weak
correlations with both GPQA and Omni-MATH, providing
discriminant validity evidence. We treat these findings as
descriptive rather than definitive evidence supporting these
sub-construct interpretations.

6. OpenEval: Item-Level Benchmark Data
Repository

To improve access to item-level data, we build a growing
repository, OpenEval, designed to neatly organize existing
benchmark items together with model responses, scores, and
other associated information across different benchmark
releases.

There have been many large-scale, high-quality AI bench-
mark repositories (e.g., Liang et al., 2023; Chiang et al.,
2024), some of which release unstructured or semi-
structured item-level details alongside the benchmark-level
results. To facilitate item-level benchmark analysis and
other forms of exploration, OpenEval features a scalable,
item-centric schema in which each data entry represents a
unique item occurrence. The schema is illustrated in Fig. 6.

Currently, we curated item-level resources from HELM and

#1

#2

#3

#4

GPQA

Omni-

MATH
#1 #2 #3 #4 GPQA Omni-

MATH

Convergent/Discriminant Validity: MMLU-Pro

Figure 5. Convergent/discriminant evidence of the four sub-
constructs (#1 - # 4) on MMLU-Pro.

the OpenLLM Leaderboard v2 (Fourrier et al., 2024). We
have been (1) collecting evaluation results to reduce the
sparsity of the dataset-model matrix, and (2) incorporating
external and interdisciplinary datasets. OpenEval now
covers over 225k items from 64 benchmark datasets, with
the number of evaluated models per dataset ranging from
dozens to thousands, resulting in more than 8M item-level
responses and scores in total.

We welcome additional data contributions from the commu-
nity, envisioning a standardized, consistent, and traceable
provenance for as many AI benchmark items as possible.
We hope that OpenEval will grow into a foundation for
the science of AI evaluation and responsible AI deployment.

7. Unlocking Possibilities beyond AI
Evaluation

Beyond benchmark analysis and AI evaluation, item-level
data has the potential to deliver both technical and practical
benefits across disciplines and society.

Data-Centric Methodology for AI Development Access
to item-level system performance enables investigation of
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AI learning trajectories across samples with varying prop-
erties, informing decisions about training data composi-
tion, training paradigms, and the choice of proxy tasks and
evaluation metrics. Moreover, item-level data supports a
shift toward data-driven research paradigms in many ma-
chine learning subfields (Xu et al., 2024), including statisti-
cal learning, generalization theory, and counterfactual ML,
where aggregate-level analyses are inherently insufficient.

Domain-Grounded and Interdisciplinary Research
Item-level benchmark data opens opportunities for domain-
grounded research across multiple disciplines. First, it en-
ables domain practitioners, such as linguists, clinicians, ed-
ucators, and legal scholars, to interpret how AI systems
perceive their domain, thereby informing better operational-
ization and deployment. Second, it supports the generation
and validation of high-quality, domain-specific data for re-
search in which AI is not the primary object, facilitating
cross-disciplinary studies and methodological rigor.

Evidence-Based AI Governance and Auditing Policy
and governance decisions increasingly rely on benchmark re-
sults to justify claims about model capability, risk, and readi-
ness for deployment. Item-level data provides the necessary
evidentiary grounding, allowing regulators and stakeholders
to trace aggregate claims back to concrete data examples,
error patterns, and coverage gaps. By making the refer-
enced benchmark analyses transparent and reproducible,
item-level data supports more accountable and informed
decision-making in AI deployment and oversight.

Communicative and Public-Facing Uses Individual
items make it possible to exemplify what AI systems can and
cannot achieve in specific, relatable terms. This facilitates
clearer communication with non-expert audiences, allow-
ing public audit, and promotes more responsible narratives
about AI capabilities, progress and societal risks, thereby

supporting broader AI democratization.

8. Alternative Views
Item-level AI benchmark data has existed at a large scale

for long, but for various reasons, attention to such data
remains limited, as does its utilization. Here, we address
some recent positions that may be partially opposed to ours.

We should stop uploading benchmark data in plain text to
reduce the risk of data contamination. In addition to this
position, Jacovi et al. (2023) propose three strategies to
mitigate data contamination, including the use of encryp-
tion and closed APIs to limit access to benchmark data. In
our view, such reduced accessibility would undermine the
transparency of AI evaluation, widen the information gap
between owners of closed-source resources and others, and
ultimately exacerbate the unfairness caused by data contam-
ination. In contrast, if we further increase this transparency
by releasing comprehensive, item-level benchmark data for
each study, the information gap could be reduced, and the
disclosed test items and results could help more researchers
detect data contamination.

Data contamination makes AI benchmarks unreliable; AI
competitions should be the gold standard. Sculley et al.
(2025) argue that the pitfall in benchmarking can be avoided
by replacing static benchmarks with competitions that prior-
itize novelty and robustness over reproducibility. However,
reproducibility is essential for the reusability, scalability,
and comparability of studies, and ultimately for the effi-
ciency of evaluation practices. It is more efficient to leverage
the existing richness of item-level information for directly
alleviation of data contamination, thereby improving the
validity and reliability of AI benchmarking without requir-
ing excessive resources. Moreover, only through item-level
analyses can we obtain the insightful conclusions that sup-
port the novelty required for generating the robust test data
for AI competitions.

Do not interpret AI benchmark performance as human-like
intelligence; develop AI-specific evaluations instead. This
position, proposed by Sühr et al. (2025), argues that AI
benchmarking could be designed entirely from scratch to
suit the context. Although it aligns with our position regard-
ing the need for principled AI benchmark design, it under-
estimates the value of existing item-level benchmark data
due to the underlying validity issues. Being human-centric
is not a flaw, as the science of AI evaluation essentially
serves human society; rather, the limitation lies in current
benchmarking paradigms, which fail to make the intended
constructs explicit. Therefore, item-level data provides a
significant empirical foundation for justifying the interpreta-
tion of benchmark results and for understanding both what
is being measured and what we aim to predict.
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A. Additional Analysis Results

Here, we present additional analysis results complementing Sec. 5. Table 3 and Fig. 7 report the results of the GLRM
analysis conducted in Sec. 5.2 on MMLU. Fig. 8 shows item clusters from four benchmark datasets in HELM, revealed by
K-means clustering over item factor loadings derived from GLRM. Fig. 9 illustrates that items within the same subject or
dataset, despite sharing the same label, can emphasize different aspects when their maximum item factor loadings differ.

Table 3. Representative items with large absolute item factor loadings and possible constructs for each GLRM factor in MMLU. The top
100 representative items are interpreted and summarized into a candidate label by ChatGPT, then manually revised.

Factor Representative Item Potential Sub-Construct

MMLU #1 Which one of the following statements best describes the algebraic Domain-specific canonical
representation of the fitted regression line? framework knowledge

Based on the paper “SoK: SSL and HTTPS: Revisiting past Applied synthesis andMMLU #2 challenges and evaluating certificates trust model enhancements”, case-based judgmentwhich of the following statements are false?

MMLU #3 Find the product of the given polynomials in the given polynomial Formal, quantitative,
ring. f(x) = 4x− 5, g(x) = 2x2 − 4x+ 2 in Z8[x]. multi-step modeling

MMLU #4 Which of the following statements is true concerning the population Domain-specific recall
regression function (PRF) and sample regression function (SRF)? and simple reasoning

The ( ) is categorized as an unknown segment of the Deep Web Conceptual understandingMMLU #5 which has been purposely kept hidden and is inaccessible using and explanationstandard web browsers.

Convergent/Discriminant Validity: MMLU
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Figure 7. Convergent/discriminant evidence of the four sub-constructs (#1 - # 5) on MMLU.

BabiQA (k=3) MMLU (k=5) MMLU-Pro (k=4)

Item Clusters in GLRM Factor Space

Omni-MATH (k=4)

Figure 8. Clusters from four benchmark datasets in HELM revealed by K-means clustering over item factor loadings from GLRM.
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Item #9546   The mutual induction of electric and magnetic fields can produce:

Item #9676   The line width of a He-Ne laser is 103 Hz. The operating 

wavelength is 6328Å and the power is 1 milliwatt. (a) How many photons are 

emitted per second? (b) If the output beam is 1 mm in diameter…

Item #2321   Describe the four major types of conduct disorders and the main 

characteristics of each.

Item #2348   You receive a letter from the Ethics Committee asking for 

information about a former client who has filed a complaint against her current 

therapist. You stopped seeing the client over seven years ago, you should:

Item #2321         Item #2348

Item #9546         Item #9676

GLRM Factor

       #1 (Formal, quantitative, multi-step modeling)

       #2 (Domain-specific recall and simple reasoning)

       #3 (Conceptual understanding and explanation)

       #4 (Applied synthesis and case-based judgment)

Figure 9. Example items with different maximum factor loadings within the same subject (psychology and physics) in MMLU-Pro.
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