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1 Introduction

Humanity’s Last Exam (HLE) has quickly emerged as a prominent benchmark for evaluating advanced
language models, appearing in capability assessments and policy discussions shortly after its release
[1]]. Designed to resist simple retrieval and pattern matching through expert-level questions spanning
mathematics, the natural sciences, and the humanities, HLE represents a plausible candidate for
evaluating higher-order reasoning. However, widespread adoption has outpaced systematic evaluation
of its measurement properties. Most benchmark studies, including HLE, report aggregate accuracy
and domain-specific subscores without testing whether the reported domains correspond to empirically
distinct latent factors. These subscores are often interpreted as evidence that one model outperforms
another in domains such as mathematics or chemistry, an interpretation that implicitly assumes
benchmark categories recover as separable latent capabilities rather than as facets of a single general
reasoning factor [2]. Whether HLE’s domain labels reflect psychometrically distinct abilities remains
largely untested, and the implications are concrete: if the eight domains do not correspond to distinct
latent constructs, then per-domain model rankings reported in leaderboards are not warranted by the
instrument, and developers and policy audiences should treat HLE as a measure of general reasoning
rather than a profile of domain-specific skill.

A second concern is measurement precision. Even if HLE is unidimensional, its ability to differentiate
between models depends on where along the ability continuum its items concentrate information. If
most items are calibrated for average-performing models, score differences between the strongest
frontier models may reflect measurement noise rather than genuine capability gaps, a problem that
will intensify as models continue to improve.

This paper addresses both concerns directly. We evaluate 29 language models on the text-only
multiple-choice subset of HLE (J = 428 items) and apply psychometric methods to investigate two
questions: (a) Does HLE’s eight-domain structure reflect distinct latent constructs, or do the
domains collapse into a general reasoning factor?, addressed through McDonald’s wy, principal
component analysis of item response profiles, residual correlation analysis, and domain-level ability
comparisons; and (b) Where along the ability continuum does HLE concentrate measurement
precision, and which domains contribute most to discrimination among frontier models?,
addressed through the test information function decomposed by subject domain.

1.1 Related Work

Benchmarks are the primary instrument by which progress in large language models is evaluated,
but their useful lifespan is often short. Popular benchmarks such as MMLU have shown signs of
saturation within only a few years of release [1]]. This has motivated the development of HLE, a
benchmark consisting of 2,500 expert-level questions spanning mathematics, humanities, and the
natural sciences, crowdsourced from nearly 1,000 subject-matter experts across 50 countries and
filtered to ensure that contemporary language models could not reliably answer them at submission
time [1]]. HLE and related studies (e.g., MMLU [3]], GPQA [4]) typically report aggregate accuracy
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as the primary evaluation metric, but aggregate scores alone obscure whether items meaningfully
discriminate between models and whether domain subscores reflect distinct latent constructs.

These measurement properties matter because benchmark rankings increasingly inform high-stakes
decisions ranging from model deployment to Al governance [S)]. When domain subscores are inter-
preted as evidence of distinct capabilities, the validity of those comparisons is often assumed rather
than empirically demonstrated, and decisions based on poorly validated measurements risk misrepre-
senting both relative model capability and the nature of progress in language model development

[6].

Psychometric methods offer a framework for evaluating these properties directly. Applying IRT
across 29 NLP datasets, Vania et al. [[7] showed that several widely used benchmarks contain items
that fail to discriminate effectively between models, raising questions about whether aggregate scores
reflect meaningful capability differences. TinyBenchmarks [8]] uses IRT to enable efficient evaluation
on subsets of MMLU, and Chatbot Arena [9] applies Bradley-Terry models to pairwise comparisons.
These studies demonstrate the feasibility of treating benchmarks as measurement instruments, but
they focus on ranking efficiency and item difficulty rather than on latent dimensionality: the question
of whether domain-specific capability claims are structurally warranted. More broadly, benchmark
leaderboards frequently report domain-specific performance as evidence of separable capabilities
without testing whether such categories recover as empirically distinct latent factors [2]]. To our
knowledge, no psychometric dimensionality analysis has yet been applied to HLE. This study
addresses that gap.

2 Methods

2.1 HLE Subset

The full benchmark contains two question formats: exact-match short-answer (=76%) and multiple-
choice (~224%). Approximately 14% of all questions require image comprehension. Subject coverage
skews toward quantitative domains: mathematics (41%), biology/medicine (11%), computer sci-
ence/Al (10%), physics (9%), humanities/social science (9%), other (9%), chemistry (7%), and
engineering (4%). We restrict to the text-only multiple-choice subset, which is the only subset
amenable to automated binary scoring without multimodal infrastructure or LLM-judge extraction.
This subset comprises J = 513 items, with individual items containing between 2 and 21 answer
choices. The full dataset is publicly available via HuggingFaceﬂ(cais/ hle, split="test") and
is filtered to this subset by selecting answer_type == "multipleChoice" and excluding image-
dependent items. These items (see examples below) demonstrate that they cannot be answered by
retrieval or pattern matching and require domain expertise, making them valuable for an IRT analysis.

Example Items from HLE

1. Philosophy: “Which condition of Arrhenius’s sixth impossibility theorem do critical-level views
violate?” with answer choices including Egalitarian Dominance, General Non-Extreme Priority,
Non-Elitism, Weak Non-Sadism, and Weak Quality Addition.

2. Linguistics: “What is the standard Japanese pitch accent pattern of the word for ‘younger brother’ in
Japanese?” with choices spanning Heiban, Atamadaka, Nakadaka, Odaka, and Heiban/Nakadaka.

| J

2.2 Model Selection

For generating responses on the subset, we used 37 contemporary language models across five
model families: OpenAl (n = 12): GPT-4.1 series (standard, mini, nano), GPT-5 series (mini, nano,
5.4-mini, 5.4-nano), GPT-40 series (2024-11-20, mini), and reasoning models (03-mini, 04-mini,
ol-mini); Anthropic (n = 6): Claude Opus (4.7, 4.6, 4.5), Claude Sonnet (4.6, 4.5), and Claude
Haiku 4.5; Google (n = 5): Gemini 3.5 Flash, Gemini 3.1 Flash Lite, Gemini 2.5 series (Pro,
Flash, Flash Lite); DeepSeek (n = 4): DeepSeek-V3, DeepSeek-V4 (Flash, Pro), and DeepSeek-R1
(reasoning); Open-weight models (n = 10): Gemma (2-9B, 3-27B), Phi-4, Qwen2.5-7B, QwQ-32B
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(reasoning), Sky-T1-32B (reasoning), Mistral-7B, OLMo-2-7B, Falcon3-10B, and Llama-3.1-8B.
Models represented both reasoning-specialized architectures and standard instruction-tuned models.

2.3 Response Collection

For each model-item pair, we prompted models using a standardized format:

Standardized Prompt Format

Your response should be in the following format:

Explanation: {your explanation for your answer choice}

Answer: {your chosen answer}

Confidence: {your confidence score between 0% and 100% for your answer}

To ensure reproducibility, we set temperature=0.0 for all models supporting this parameter.
Reasoning-specialized models (OpenAl o-series, Claude Opus 4.7) used their default extended
reasoning configurations without temperature control. Maximum response lengths were set to 8,192
tokens, with model-specific adjustments for known constraints (e.g., 4,096 tokens for smaller models).

Proprietary models (OpenAl, Anthropic, Google, DeepSeek) were queried via their respective API
endpoints with asynchronous request handling and automatic retry logic for rate-limit management.
Open-weight models were deployed using vLLM [10], a high-throughput inference engine optimized
for large language models, on cloud GPU infrastructure (Modal Labs) using Nvidia A100-40GB,
Nvidia A100-80GB, and Nvidia H100 GPUs. Data collection spanned approximately 20 hours, with
the majority of latency attributable to reasoning-specialized models.

2.4 Response Parsing and Scoring

Model responses were parsed using rule-based extraction with a hierarchical strategy: (1) regex
pattern matching for explicit answer declarations (“Answer:”, “Final Answer”), supporting markdown
formatting and parenthetical notation ((A)); (2) flexible pattern matching for natural language
phrasings (“the correct answer is A,” “choice is B”); and (3) fallback extraction of the last isolated
letter (A-Z) when no explicit answer marker was present. Parsed responses (91.8%) were scored as
correct (1) or incorrect (0) by exact-match comparison to the ground-truth answer. Unparsed responses
(8.2%) were coded as missing data and predominantly resulted from empty model outputs (DeepSeek
variants), safety-filtered refusals (Gemini 2.5 Pro), or inference failures (Phi-4, Gemma-9B).

2.5 Response Matrix Construction

We constructed a binary response matrix X € {0,1,NA}V*/ where N represents models and
J = 513 items. From the initial 37 models evaluated, one model (o1-mini) was excluded due to zero
coverage (0% valid responses). Coverage among the remaining 36 models ranged from 50.9% to
100%, with median 99.7% and mean 91.8%. Because missingness was not at random (attributable to
content safety filtering, inference failures, and rate limiting rather than item difficulty), we retained
only the 29 models with excellent coverage (>95%). Among the 513 items evaluated with these
29 models, 428 items (83.4%) exhibited non-zero variance across models; the remaining 85 items
(16.6%) showed zero variance, with all models responding incorrectly, indicating extreme difficulty.
We removed zero-variance items to obtain a final analytic matrix of X € {0, 1}29*428 comprising
12,412 model-item observations, with remaining sparse missing values (0.79% of observations;
n = 117) coded as incorrect responses, as their negligible proportion introduces minimal bias to
parameter estimates.

2.6 Analytic Overview

First, we ask whether HLE’s eight subject-domain labels correspond to empirically distinct latent
constructs or collapse to a single general factor. Second, we ask how well HLE measures along the
underlying factor(s): where measurement precision concentrates along the ability continuum, and
which domains contribute most. We address both questions through a unified analysis, first estimating



a two-parameter logistic (2PL) IRT model to obtain item-level discrimination and difficulty parame-
ters, which serve as shared inputs to both stages, the dimensionality analysis and the measurement
precision analysis that follows it.

2.6.1 2PL Model Estimation

We modeled item-level measurement properties using a two-parameter logistic (2PL) IRT model [11]
fit to X. The probability that model ¢ correctly answers item j was modeled as:

1
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where 0; represents latent model ability, a; is the item discrimination parameter, and b; is the item
difficulty parameter. Higher discrimination values indicate items that better differentiate between
stronger and weaker models, whereas higher difficulty values indicate items requiring greater latent
ability for a 50% probability of correct response. The model was estimated using marginal maximum
likelihood implemented in torch_measure [12], with optimization run for up to 2,000 epochs using

a learning rate of 0.05. For each item, we extracted estimated discrimination (a;) and difficulty (i)j).

2.6.2 Dimensionality Analysis

We examined whether the benchmark’s eight subject-domain labels reflected empirically distinct
latent constructs. Using data from N = 29 models and J = 428 items, we found that the inter-item
tetrachoric correlation matrix was rank-deficient and non-positive-definite, preventing the use of
confirmatory factor analysis because the resulting fit indices would be invalid [13]]. We therefore
substituted three N-robust alternatives that together address the same substantive question without
requiring inversion of the full tetrachoric correlation matrix.

McDonald’s wy,. Our primary evidence for unidimensionality is McDonald’s hierarchical omega
[14], computed analytically from the 2PL discrimination parameters. Under the normal-ogive

parameterization, item j’s loading on the general factoris A\; = a;/,/1 + a?, and wy, is defined as:
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wp, quantifies the proportion of item variance attributable to the general factor, ranging from 0 (no
general factor) to 1 (perfectly unidimensional). Unlike CFA-based indices, this estimator requires no
matrix inversion and is stable at small N. We report wy, overall and separately for each of the eight
subject domains, with 95% bootstrap confidence intervals constructed by resampling models with
replacement (B = 200) and refitting the 2PL at each iteration.
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PCA on item response profiles. As a model-free complement, we transposed the response matrix
to X € {0,1}7*¥ treating each item as a point in N-dimensional model space, and applied
standard PCA. If domain labels capture real structure, items from the same domain should cluster
together in this space. We quantified this using domain R2, the proportion of variance in the first three
principal components explained by domain membership, where R? ~ 0 would indicate that items
from the same domain respond no more similarly across models than items from different domains.

Residual item correlations. To further assess whether domain membership explains structure
beyond the general factor, we computed Pearson correlations between item response vectors, sub-
tracted the general-factor-implied correlation matrix Ry = AXT, and compared within-domain to
between-domain residual correlations. If domains capture distinct latent structure, within-domain
residuals should be systematically higher than between-domain residuals.

Domain-level 6 correlations. To assess whether domain subscores carry any incremental informa-
tion beyond the total score, we fit separate 2PL. models within each domain and computed the Pearson

and Spearman correlations between domain-specific ability estimates fdomain and overall ability



estimates 6. If domain subscores reflect distinct latent dimensions, models should exhibit differential
ability profiles across domains; if a single underlying dimension dominates, r /= 1 across all domains
would indicate that the total score is sufficient and domain subscores carry little information.

2.6.3 Measurement Precision

Taking the 2PL estimates and dimensionality findings together, we characterize where measurement
precision concentrates along the ability continuum using the test information function [11]],

J
10) =Y _aiP;(0) [1 — F;(0)], ©)

which quantifies measurement precision at different ability levels, with higher values corresponding
to lower conditional SEM. We decomposed the TIF by subject domain to evaluate which domains
contributed most strongly to discrimination among higher-performing models.

3 Results and Discussion

3.1 2PL Model Estimation

Across the full item pool, estimated difficulty parameters ranged from —2.06 to 5.67, with a median
of b = 0.41, indicating that the benchmark was moderately challenging for the evaluated models. The
positively skewed distribution further suggests a substantial concentration of advanced items capable
of differentiating performance across a wide range of contemporary LLMs [3]]. Discrimination
parameters ranged from 0.00 to the imposed upper cap of 5.00, with a median of a = 1.49. Many
items demonstrated moderate-to-high discrimination values, indicating that the benchmark effectively
differentiated between stronger and weaker models (see Figure[I)). Mean empirical accuracy across
items was relatively low (M = 0.17), further supporting the conclusion that the benchmark was
challenging for most models. See Appendix A for supplemental results.
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Figure 1: Distributions of item difficulty (b) and item discrimination (a). Dashed vertical lines
indicate median parameter values.

Substantial variation emerged across disciplinary categories (see Figure [2). Engineering items
exhibited the highest median difficulty (b = 1.65), followed by Physics (b = 1.47), whereas
Computer Science/Al and Humanities/Social Science showed the lowest median difficulty values
(both approximately b = 0.10). In contrast, discrimination patterns differed from difficulty trends.
Computer Science/Al demonstrated the highest median discrimination (a = 2.63), while Engineering
showed the lowest (a = 0.77), indicating that highly difficult domains did not necessarily provide
the strongest differentiation between models. Category-level empirical accuracies aligned broadly
with difficulty estimates, with Humanities/Social Science producing the highest mean accuracy
(M = 0.19) and Engineering the lowest (M = 0.13).

Figuredisplays estimated latent ability 6 for all 29 models with 95% confidence intervals alongside
raw accuracy. Claude Opus 4.7 achieved the highest estimated ability, followed by Gemini 3.5 Flash
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Figure 2: Category-level comparison of median item difficulty, median discrimination, and mean

empirical accuracy across benchmark domains. Dashed vertical lines indicate overall median or mean
values.

and Claude Opus 4.6. GPT-40-2024-11-20 exhibited an unusually low ability estimate 0~ —1.8)
with wide confidence intervals, suggesting unstable parameter estimation likely due to atypically
low or inconsistent response patterns. IRT-based ability estimates were strongly correlated with raw
accuracy rankings (p = 0.857, p < 10~®), confirming that the 2PL model recovers a latent dimension
consistent with aggregate performance while additionally characterizing item-level discrimination
and measurement precision unavailable from raw scores alone. However, category-level differences
in item parameters do not necessarily imply that HLE measures multiple distinct latent abilities:
domains could still reflect a single underlying reasoning dimension if models that perform well in
one domain tend to perform well across all others. The following analysis examines this directly.

Model ability rankings (2PL IRT) vs. raw accuracy
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Figure 3: Estimated latent ability g for all 29 models with 95% Cls (left axis), ordered by ability
estimate, alongside raw accuracy (right axis, dashed). The two rankings are strongly correlated
(p = 0.857), though IRT additionally captures item-level discrimination and uncertainty.

3.2 Dimensionality Analysis

McDonald’s wy. We found w;, = 0.998 (95% bootstrap CI [0.998,0.999]; B = 200 resamples),
indicating that 99.8% of common item variance is attributable to a single general factor. The result
is stable across all eight subject domains, with domain-level wy, ranging from 0.936 (Engineering,
n = 18) to 0.994 (Biology/Medicine, n = 122). The bootstrap standard error of 0.0002 confirms
that this finding is not sensitive to the specific models in our analytic sample.

PCA on item response profiles. Domain labels explained only 3.5% of variance in the first three
principal components (domain R? = 0.035), indicating that HLE’s subject categories impose no
discernible structure on item response profiles beyond the dominant general factor.



Domain-Specific vs. Overall Latent Ability
Four Well-Powered Domains (n = 50 items)
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Figure 4: Domain-specific latent ability édomain against overall 6 for the four well-powered domains
(n > 50). Each point is one model, coloured by domain-specific accuracy. r > 0.81 and p > 0.82
across all four domains indicates near-redundancy between domain and total-score ability estimates.

Residual item correlations. Within-domain and between-domain residual correlations were nearly
identical (tiwithin = —0.462, Lpetween = —0.466, Cohen’s d = 0.016). The near-zero effect size
indicates that after removing the general factor, domain membership explains nothing about residual
item correlation structure

]?omain-level 0 correlations. For theAfour domains with sufficient item counts (n > 50), domain
0 was strongly correlated with overall 6§ (Figure : Computer Science/Al (r = 0.873, p = 0.928),
Biology/Medicine (r = 0.866, p = 0.922), Humanities/Social Science (r = 0.859, p = 0.828), and
Mathematics (r = 0.810, p = 0.816; all p < 10~ 7). Correlations for smaller domains (Engineering
n = 18, Physics n = 26, Chemistry n = 22) were substantially attenuated and are not interpreted, as
fitting a 2PL to fewer than 30 items with N = 29 models yields poorly identified parameter estimates.
The near-identity relationship across all four well-powered domains indicates that a model’s total
ability estimate is sufficient; domain subscores contribute little information beyond overall ability.

3.3 Measurement Precision

The test information function (TIF) peaks at § = —0.35, coinciding with the ability range of most
models in our sample (10th-90th percentile interval: [—1.14, —0.26]). Measurement precision drops
substantially above 6 = 0, precisely where the strongest-performing models sit. Decomposing the
TIF by domain (Figure [3)), Biology/Medicine contributes the most total information in absolute
terms (I = 12,611). However, Engineering concentrates the highest proportion of its information
at the frontier (69.1% at 6 > 0), consistent with its extreme item difficulty. Mathematics and
Humanities/Social Science show the lowest frontier concentration (41.5% and 41.4% respectively),

2Absolute residual values are negative due to attenuation of Pearson r on binary items; since attenuation
affects within- and between-domain pairs equally, the comparison remains valid.
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Figure 5: TIF decomposed by domain (stacked area). The shaded band marks the 10th-90th percentile
ability range of models (§ € [—1.14, —0.26]), showing that HLE concentrates measurement precision
at moderate ability levels. The TIF drops sharply above 6 = 0

and despite containing more items than most other domains (n = 78 and n = 71), contribute
disproportionately little to discrimination among higher-performing models.

4 Conclusion and Future Work

Fitting a 2PL IRT model to responses from 29 language models on HLE’s text-only multiple-choice
subset (J = 428 items), we find convergent evidence that the benchmark measures a single general
reasoning factor. McDonald’s wy, = 0.998 (95% CI [0.998, 0.999]), domain labels explained only
3.5% of item response variance, residual correlations after removing the general factor were nearly
identical within and between domains (Cohen’s d = 0.016), and domain-specific ability estimates
were near-redundant with the total score (r > 0.81 across all well-powered domains). HLE’s
eight subject-domain labels do not correspond to empirically distinct latent constructs; so they
might be arbitrary partitions of a unidimensional space. A separate finding concerns measurement
precision. While HLE discriminates well among models at moderate ability levels, precision drops
substantially above § = 0, precisely where frontier models sit. Engineering items concentrate
the most information at the frontier (69.1% at & > 0) but represent only 4% of the benchmark;
Mathematics and Humanities/Social Science, the two largest domains, contribute disproportionately
little to frontier discrimination. As stronger models continue to emerge, this precision gap will
become an increasingly binding constraint on HLE’s utility as a differentiating instrument.

The psychometric approach worked well for this setting: IRT discrimination parameters proved stable
enough to support downstream dimensionality analyses, and the convergence of four independent

analyses (wy,, domain R?, residual correlations, and 6 redundancy) substantially strengthens confi-
dence in the unidimensionality conclusion. The primary methodological challenge was the small
model sample (/N = 29), which precluded confirmatory factor analysis and limited statistical power
for domain-level analyses. This inverted the usual psychometric setting, where items are typically
far fewer than subjects, and required N-robust alternatives throughout. A practical lesson for future
benchmark psychometrics is that model coverage must be treated as a first-class design consideration:
missingness that is not at random, as observed here for reasoning-specialized models, systematically
biases the analytic sample and limits generalizability.

Several limitations bound these conclusions. Our analytic sample is restricted to the text-only multiple-
choice subset (=19% of HLE), so findings do not extend to exact-match or image-dependent items;
moreover, the multiple-choice format may introduce construct-irrelevant variance if models succeed
through elimination rather than genuine domain knowledge. The model sample is small (/N = 29) and
non-random, as eight models were excluded for low response coverage, disproportionately affecting
reasoning-specialized architectures and precluding formal measurement invariance testing across
model families. Scoring each model on a single deterministic response per item means discrimination
estimates reflect stable model differences but not within-model response variability, which may
underestimate uncertainty in item parameter estimates. Future work should replicate on the full
benchmark with a larger and more complete model sample to enable CFA and invariance testing.



Code Availability

All analysis code used in this study is publicly available at: https://github.com/
matrix-mayank/hle-psychometrics,

Al Use and Scientific Responsibility Statement

Al tools were used in a limited way throughout this project, mainly to help improve writing clarity,
troubleshoot coding issues, and brainstorm ways to present results more clearly. To avoid plagiarism
or non-attribution of ideas, all citations and references were added manually by the authors after
checking the original academic sources directly. We also reviewed Al-generated suggestions carefully
to make sure ideas, interpretations, and wording were appropriately credited and not copied without
attribution. Potential inaccuracies were addressed by comparing all explanations and statistical
interpretations against the actual analysis outputs and referenced literature rather than relying on
Al-generated responses alone. To reduce bias, we used cautious interpretations and clearly discussed
methodological limitations, including the restricted benchmark subset and small model sample size.
Responsibility for the originality, accuracy, and scientific integrity of the final paper remained entirely
with the authors.

Reflection on AI Tool Usage

Al tools were used mainly for minor support tasks during the project, such as improving wording,
helping organize ideas, and assisting with small coding/debugging issues. Most of the research
process, including the psychometric analyses, interpretation of findings, and methodological decisions,
was completed independently by the authors. The tools were helpful for making explanations more
concise and readable, especially when writing technical sections related to Item Response Theory and
dimensionality analysis. At the same time, the project highlighted that Al-generated suggestions still
require careful review, since some outputs were inaccurate or not fully consistent with the statistical
assumptions of the analyses. The experience showed us that Al tools can be useful for supporting
productivity and communication, but they are most effective when combined with independent
reasoning and subject knowledge rather than being relied on for substantive scientific conclusions.

Impact Statement

This project examines the psychometric properties of a large language model benchmark and high-
lights the importance of carefully interpreting benchmark scores and domain subscores. One potential
positive impact is encouraging more rigorous evaluation of benchmark validity, especially when
benchmark rankings are used in research, industry, or policy discussions. However, the findings could
also be misinterpreted if generalized beyond the analyzed subset or treated as definitive statements
about model intelligence. To reduce this risk, the paper clearly discusses limitations such as the small
model sample and restriction to the multiple-choice subset of HLE. The study did not involve human
participants or sensitive personal data, and all analyses were conducted using publicly available
benchmark outputs. We followed Stanford’s standards of academic integrity by properly citing
prior work, verifying interpretations manually, and ensuring that all conclusions were based on the
empirical analyses conducted in the study.
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A Appendix

A.1 Additional 2PL Diagnostic Plots

Figure [6] presents supplementary diagnostic visualizations for the estimated 2PL parameters. The
left panel illustrates the inverse relationship between item difficulty and discrimination, where
extremely difficult items tended to exhibit lower discrimination values. The right panel shows the
expected negative relationship between empirical accuracy and estimated item difficulty, supporting
the consistency of the estimated IRT parameters.
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