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Abstract +Ai2

LLM benchmarks are designed to evaluate models along specific constructs, such as general capabilities
or safety. However, benchmarks often have confounders (e.g., item complexity, formatting requirement)
that muddle the constructs that they actually measure. In this work, we leverage psychometrics
theories to measure the latent factors that LLM benchmarks measure, focusing specifically on safety
and general reasoning capabilities, which are often seen as in tension. We apply multidimensional
Item Response Theory (MIRT) to LLM benchmarks, and introduce BENCHMIRT, a two-dimensional
MIRT model fit on 100 LLMs’ outputs across 16 safety and reasoning benchmarks. We first find
that our two-dimensional model consistently uncovers distinct safety and reasoning latent factors
without any conditioning, that these factors can facilitate accurate predictions of LLM responses,
and that they can be used to filter benchmarks to as few as 10% of their most discriminative items
on both general reasoning and safety, while retaining benchmark scores and ranking accuracy. We
further demonstrate that the latent safety and general reasoning item parameters can be used to
audit benchmarks, surfacing different ability requirements between subsets, isolating possible item
errors, and demonstrating some benchmarks are dependent on a different ability than they are used
to measure. Our work demonstrates the utility of psychometrics models to audit general reasoning
capability and safety benchmarks towards more construct validity in LLM evaluation.

As LLMs become widely deployed, a central challenge is ensuring their general reasoning (i.e., helpfulness, the
ability to answer questions, reason through complex problems, solve mathematical tasks, or generate functional
code) as well as their safety (i.e., harmlessness, the ability to refuse harmful requests, resist jailbreaks, and
avoid toxic or otherwise undesirable outputs) (Anthropic, 2026; Comanici et al., 2025; Singh et al., 2025). On
one hand, these abilities are thought to have an inherent tension, a phenomenon known as “safety tax” (Huang
et al., 2025; Zhou et al., 2025; Wang et al., 2025): intuitively, the more generally helpful and informative
an LLM is, the more capable it is of providing truly unsafe or harmful information (Bai et al., 2022). On
the other hand, these abilities could be seen as complementary: a model that knows how to reason about
and avoid possible harmful consequences of outputs or that can avoid falling for jailbreaks is seen as both
highly capable and very safe, while an LLM that refuses to answer any question—even safe ones—is seen
both as very unhelpful and as lacking safety discernment (Li et al., 2025a; Cho et al., 2025). Whether the
safety-capability relationship is a trade-off or synergistic remains an open question.

Examining this relationship requires critically analyzing how these abilities are currently measured in LLMs,
i.e., benchmarking. The dominant evaluation paradigm assumes that the benchmarks chosen to measure an
ability are actually isolating that ability. Yet, recent work in meta-evaluation of LLM benchmarking casts
serious doubt on this assumption. For example, Hu and Frank (2024) showed that auxiliary challenges like
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Figure 1 (1)The BenchMIRT pipeline works as follows. We rst collect a set of benchmark items with unknown
latent factors from multiple benchmarks (Stage A). Next, for each item in that set, we run a group of LLMs with
varying anticipated abilities on the item and collect the scores for each (Stage B). The MIRT algorithm then iteratively

ts latent factors, item variables, and model characteristics to the data (Stage C). The result is a di culty and
discrimination score in each dimension for each item, and an ability score in each dimension for each LLM. This allows
us to visualize the structure of each benchmark and examine its measurement of each latent factor. (2) These example
questions from the BBQ (safety) and IFEval (general reasoning) benchmarks show the intersections in abilities that a
single prompt can raise.

format can mask reasoning capabilities, while Diddee et al. (2026) found benchmarks do not always have
coverage across their stated domain. Indeed, a correct answer to a henchmark item may rely on multiple
model abilities instead of the single one the benchmark is designed around, as Figure 1(2) demonstrates.
Additionally, di erent subsets of items from a benchmark may measure abilities di erently, information that

is obfuscated by a naive aggregation like averaging as current scoring systems do. As benchmarks are used to
guide everything from training decisions by developers to model selection by users, this raises the important
guestion: how do safety and general reasoning abilities intersect, and how well do current benchmarks capture
that intersection?

To answer this question, we introduce BenchMIRT, a method for disentangling the latent underlying general
reasoning and safety abilities measured by benchmarks, drawing on Item Response Theory (IRT) from
psychometrics theories (Fig 1 (1)). Originally developed to measure human performance on tests, IRT aims to
more precisely measure the latent factor, the true ability, of the subject, resting on the premise that each item
or question in a test does not equally measure the ability of the test-taker (Reckase, 2009; Lalor et al., 2024;
Ye et al., 2025). Largely, LLM evaluations do not question whether benchmark items measure LLM abilities
equally. While a few recent works have implemented IRT-style methods to optimize or subsample benchmarks,
most have focused on single dimensional IRT models, therefore assuming a single latent factor (Hofmann et al.,
2025; Polo et al., 2024; Truong et al., 2025). Since a single factor con ates all of the abilities (such as safety
and reasoning) that a benchmark measures into a single dimension, this obscures analyses of abilities across
multiple benchmarks and investigation of intra-benchmark patterns by attening any competing abilities into

a linear scale.

To demonstrate BenchMIRT's utility, we t it to 16 benchmarks spanning general reasoning and safety
categories, using a diverse set of 100 LLMs varying in size and family. We show that this unsupervised
two-dimensional MIRT model discovers a safety ability and a general reasoning capability, and can accurately
separate out the items measuring each. BenchMIRT successfully and stably captures di erent LLM abilities,

has a greater predictive power on seen items than baselines reliant on benchmark averages or single dimensional
IRT models, and can Iter benchmarks to only the most discriminative items for each ability. BenchMIRT
shows that benchmark items range greatly in their ability to capture the intended ability of their benchmark,
with some safety benchmarks measuring only LLM general reasoning capability while others measure only



safety and still others show complex patterns of dependence in di erent subsets between the two.
The main contributions of this work thus are:

1. BenchMIRT, a new method to simultaneously capture competing LLM abilities with a multi-dimensional
two parameter MIRT model

2. An audit of sixteen benchmarks' coverage of latent abilities, their relative measurement of safety and
general reasoning, and individual items' delity to stated abilities.

Taken together, the contributions of this work o er a better, more structured and explainable approach to
evaluating benchmarks and items on multiple abilities. *

1 Related Work

1.1 Benchmark evaluation

The eld of benchmark evaluation and critique has grown substantially: datasets curated for benchmarking
can contain spurious items, associations, and biases that in ate performance on various abilities (Swayamdipta
et al., 2020; Bras et al.,, 2020), and remapping or cleaning data can help reveal more realistic model
behavior (Gutierrez et al., 2026). Di erent benchmarks should not be treated as equally di cult (Ethayarajh

et al., 2022), and individual items within a benchmark are also not equivalent (Rodriguez et al., 2021; Cook
et al., 2025). Work on evaluation and data quality has emphasized that apparent model abilities are shaped as
much by measurement design as by underlying LLM abilities: for example, auxiliary challenges in evaluation
tasks can systematically mask the actual reasoning capacities of smaller language models (Hu and Frank,
2024). Recent work has also focused on better categorization of benchmark domains and coverage for improved
interpretability (Diddee et al., 2026; Zeng et al., 2025); metaevaluations of benchmark quality such as ranking

di erent benchmarks through mutual alignment (Qian et al., 2026), showing that most benchmarks associate
with multiple skills or domains (Kim et al., 2025), or analyzing the risk in benchmarks most misrepresent
the behavior they intend to measure (McGregor et al., 2025). However, none of these e orts have explicitly
disentangled distinct skills across benchmarks, systematically observed trade-o s between measures, or treated
individual items appearing in multiple benchmarks as separable, ne-grained probes of capability or safety.

1.2 Psychometricsin NLP

Item response theory (IRT) has been applied across several NLP tasks, including comparing human and
LLM ability in question -answering settings (Gor et al., 2024), modeling annotator disagreement in subjective
datasets (Sachdeva et al., 2022), and administering languageased psychometric assessments (Varadarajan
et al., 2024, 2026). In terms of static benchmarking e ciency with LLMs, Kipnis et al. (2024) show that
single-dimensional IRT models can reproduce total benchmark averages using only about 3% of the original
items, though their analysis does not cover safety benchmarks; similarly, Polo et al. (2024) aim to construct
e cient item sets via single - and multidimensional IRT models but do not ground these in speci ¢ underlying
abilities nor incorporate safety benchmarks. Hofmann et al. (2025); Li et al. (2025b) leverage IRT for dynamic,
adaptive benchmarking, selecting items on the y, while other recent work extends IRT to train question
generators (Truong et al., 2025) and to estimate a single latent ability across a collection of benchmarks that
includes safety evaluations (Zhou et al., 2026). To our knowledge, no prior work has used multidimensional
IRT to explicitly explore distinct dimensions of ability, much less safety and capability trade-o s.

1.3 The safety-capability trade-off

One of the most well-studied set of competing abilities is safety and general reasoning. Current evidence
suggests the balance is delicate: optimizing for helpfulness alone, during the post-training, can induce
toxic behaviors, such as highly capabilityoptimized agents violating ethical constraints in the name of
usefulness (Wang et al., 2026a), as well as deceptive and factually incorrect responses that undermine trust,
factual integrity, and real -world reliability (Su et al., 2025; Giorgi et al., 2023). On the other hand, safety
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tuning and harmlessnessriented optimization can also lead to overrefusal of benign inputs (Réttger et al.,
2024; Cui et al., 2025; Brahman et al., 2024). Naively scaling safetgligned data ampli es unnecessary
refusals without improving genuine safety understanding (Tan et al., 2025; Sullutrone et al., 2025), while
safety interventions in pretraining data can maintain some capabilities yet still cause overrefusal behaviors
(Maini et al.).

Modeling and data frameworks have emerged to explicitly accommodate the safety tax by improving annotation
and modeling that decouple constructs along the two axes (Jiang et al., 2025; Jeung et al., 2025; Xue and
Mirzasoleiman, 2025; Tomar et al., 2025; Wang et al., 2026b; Cho et al., 2025). For example, in the HRLHF
dataset (Bai et al., 2022), separate helpfulness and harmlessness judgments are used to shape alignment, and
subsequent training frameworks explore the tradeo by optimizing one objective and observing systematic
Odersky et al., 2026). However, it remains unclear how accurately these constructs are measured. Evaluations
must be coherent: when a benchmark claims to measure safety, how can we be sure it truly captures safety
rather than confounded properties?

2 BenchMIRT

To build BenchMIRT, our model for jointly characterizing LLM safety and general reasoning capabilities, we

build on a classical two-parameter, two-dimensional multidimensional item response theory (MIRT) model.
Here, each item corresponds to an individual query from one of the benchmark datasets, and is characterized by
its di culty and discrimination along the two latent dimensions (e.g., general reasoning and safety). We t the
model using the responses from 100 LLMs across 16 benchmarks, comprising six general reasoning benchmarks
and ten safety benchmarks. The two latent dimensions are not prede ned as safety and reasoning ; instead,
they are learned from the observed response patterns. If safety and general reasoning represent distinct
underlying abilities, we expect the learned dimensions to emerge as separable factors.

2.1 IRT background

The simplest form of an IRT model, a single parameter model, expresses the probability a subject gets an
item correct as a function of the subject's ability and item's di culty (Reckase, 2009):

PU; 11 i'g Te 1)
where ; represents the latent ability of the subjecti, a represents the diculty of item j,andP U; 1
gives the probability of subject i getting item j correct.

More commonly used to model LLM abilities, the two-parameter model extends this by also considering the
item's discrimination, or how well it di erentiates between two subjects with similar abilities (Reckase, 2009).
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wherely is the discrimination of item j. Extensions to three and four parameter IRT models considering an
item's guessing parameter how likely a random guess is to correctly answer the question and feasibility

the chance a perfectly capable subject could answer the question correctly also exist, but are not as
commonly used to model LLM abilities (Hofmann et al., 2025; Truong et al., 2025).

2.2 Multidimensional IRT

In real-world educational use cases, however, a single item may require multiple abilities to correctly answer
a mathematical word problem, for example requires both text comprehension and math problem-solving
skills. Multidimensional ltem Response Theory (MIRT) was developed in order to more realistically model
these cases. Unlike single dimensional IRT models, which assume unidimensionality and map performance as
a function of a single scalar ability to a single point on a range, MIRT extends all parameter forms of IRT
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models by assuming that all subject abilities and item parameters are, in fact, multidimensional vectors, where
each dimension represents a di erent underlying ability (Reckase, 2009). The formula for a two-dimensional
two parameter model thus becomes

1
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where ; is the vector ability of subject i, and a;, and b; are the vector representations of discrimination and
di culty for item j respectively (Reckase, 2009). This formulation allows us to t a broader de nitions of
LLM abilities and explain competing abilities, because it accounts for the intersections of multiple skills that
may be required to answer items across di erent use cases.

2.3 Model and benchmark data

To train BenchMIRT, we gather data from a wide set of benchmarks that are designed to measure general
reasoning and safety. BenchMIRT directly assumes that there are two categories of benchmarks that are
measuring two constructs, and the discovery of those constructs is dependent on the benchmarks chosen.
Reasoning benchmarking data is collected from the OpenLLM Leaderboard v2 (Fourrier et al., 2024), which
collects item-level responses on six benchmarks: MMLU-Pro (Wang et al., 2024), GPQA (Rein et al., 2024),
MuSR (Sprague et al., 2023), IFEval (Zhou et al., 2023), MATH (Hendrycks et al., 2021), and BBH (Suzgun

et al.,, 2023). Models were selected to maximize coverage across ability levels, model sizes, model families,
reasoning vs. instruct models, and estimated safety ability for more details see Appendix G.

For safety, we generated our own LLM outputs, since no open leaderboard contained enough models or
benchmarks comparable to reasoning benchmarking. We run the same 100 models from the Open LLM
Leaderboard v2 on the 10-benchmark OLMo3 safety suite (Olmo et al., 2025), which includes subsets
of BBQ (Parrish et al., 2022), WMDP (Li et al., 2024), StrongReject (Souly et al., 2024), and ToxiGen
(Hartvigsen et al., 2022), as well as HarmBench (Mazeika et al., 2024), Do-Anything-Now (Shen et al.,
2024), WildJailbreak (Jiang et al., 2024), WildGuard (Han et al., 2024), XSTest (Rottger et al., 2024), and
TrustLLM-JailbreakTrigger(Huang et al., 2024). A full description of each benchmark is available in Appendix

A.

The sixteen benchmarks together contain a total of 34,301 items. We apply a modi ed version of the low
variance removal implemented by Li et al. (2025b), and exclude any item with a mean accuracy across all
models greater that 95% or lower than 5% in order to t BenchMIRT only on items that o er discriminating
information. This Iter leaves a total of 29,574 items. An ablation on BenchMIRT showing nearly the exact
same results without the lter is found in Appendix D. The py-irt library was used to t all (M)IRT models,
with number of epochs set to 5000, an initial learning rate of 0.2, and a learning rate decay of 0.9999 (Lalor
and Rodriguez, 2023).

3 Results

We rst validate that BenchMIRT consistently and reliably uncovers two ability constructs (3.1.4, 3.1.7),

that those constructs correspond to safety and general reasoning abilities (3.1.1, 3.1.2), and that they have
predictive power over LLM performance (3.1.5, 3.1.6) We additionally use these constructs to audit the safety
benchmarks (3.2) and examine their ability to disentangle the abilities.

3.1 Finding 1. BenchMIRT reveals construct-valid underlying factors

We rst examine the dimensions uncovered by BenchMIRT and con rm that they correspond to safety and
general reasoning abilities. This process enables the measurement of the construct validity of each benchmark
(Bean et al., 2026; Chouldechova et al., 2024). In order to do so, we demonstrate validity (convergence with
external benchmarks targeting similar constructs) and reliability (consistency across repeated instances).

3.1.1 Correlation to aggregate benchmark scores (convergent validity)



We compare BenchMIRT ability scores in both dimensions
for each LLM to their benchmark scores (Figure 2). We can
see a strong positive correlation between general reasoning
benchmarks like BBH, GPQA, IFEval, MATH, MMLU-Pro,
and MuSR to Dimension 1 and a strong negative correlation
between Dimension 0 and safety benchmarks like Do-Anything-
Now, HarmBench, StrongReject, TrustLLM-JailbreakTrigger,
WildGuardTest, and WildJailbreak. Dimension 1 is also
strongly negatively correlated to WMDP, which measures
a model's lack of dangerous dual-use knowledge. Some bench-
marks do not t this pattern, however. BBQ appears more
strongly correlated with the general reasoning ability, indicat-
ing that the BBQ items are more closely measuring an LLM's
general reasoning capability than its safety ability. XSTest
has a correlation near 0.5 for both, possibly a re ection of
its equal split between overrefusal and safety items. An LLM
may require a safety ability to perform well on the safety split
of XSTest, but a general reasoning ability to do well on the
overrefusal subset, indicating that an average score on the
benchmark without distinguishing between the two does not
convey speci ¢ information about the LLM's abilities. Finally,
ToxiGen's lower correlation with both abilities may indicate
that it is a poor candidate for MIRT; it is a fairly saturated
benchmark with an LLM average of 92% and IRT models do  Figure 2 The Pearson Correlation Coe cient

not t as well to more uniform data (Li et al., 2025b). between each ability and LLM average scores
) ) ) on each benchmark. Starred numbers denote
Note that, as BenchMIRT is unsupervised, between the di- p-values $0.01.

rection of the measured abilities (positive vs negative discrimi-

nation indicating a higher ability), as well as which dimension

measures which ability, are observed to ip between runs. All total results presented in this paper are from a
run in which Dimension O represents a ipped safety dimension (lower is better) and Dimension 1 represents a
positive general reasoning dimension (higher is better). Additional commentary on the stability of the axis is

in Y3.1.4.

3.1.2 Iltem-level safety classification (convergent validity)

We additionally verify the safety dimension using an existing safety classier. We split items into 100
discrimination bins in both dimensions. We then take each item and score the prompt as Safe, Controversial,
or Unsafe using the Qwen3 Guard model?

While not every item that measures safety should be marked unsafe overrefusal prompts for example are
safe prompts a clear rise in unsafe items in the most negative discrimination bins of Dimension 0 shows
a strong correlation between stronger discriminating items and safety items (Figure 4). The smaller rise
in unsafe items in relatively lower discrimination bins in the Dimension 1 indicates the lack of correlation
to safety items (Figure 3). We further corroborate this by verifying that query safety scores (mapped to
1;0;1 3) correlate with the safety BenchMIRT dimension, nding Pearson r 0:77, (p 0) between the
score and BenchMIRT Dimension O discrimination, and r 0:22 (p 0) with Dimension 1 discrimination
(the capability dimension). For a more in-depth examination of the safety classi cations for each item, see
Appendix C.

3.1.3 Deliberately abliterated models (convergent validity)

We further examine which abilities the discovered dimensions map onto. Focusing speci cally on Dimension 0,
the safety dimension, we compare three model pairs where a model has been abliterated, i.e. had a speci c tech-

2Qwen/Qwen3Guard-Gen-BB
3Safez-l, Controversial=0, Unsafe=1



Figure 3 The percentage of items in each Dimension 0 Figure 4 The percentage of items in each Dimension 1
(safety) Discrimination bin marked as Safe, Controversial, (general reasoning) Discrimination bin marked as Safe,
and Unsafe. Lower discrimination bins are those that Controversial, and Unsafe. Higher discrimination bins are
represent the safety ability best. those that represent general reasoning the best.

nique applied in order to remove all safety guardrails. Figure 5 shows the separation of the paired LLMs across
items with di erent safety discrimination levels. The base models score signi cantly higher on the negative
discrimination items (corresponding to a higher safety ability), but the pairs are almost identical on the positive
discrimination items. On the 10% of items with
the lowest Dimension O discrimination, all models
show a signi cant separation. We compute an
unpaired t-test to quantify the di erence, with the
Hermes 3 70B paif‘ having a t-value =9.08, (p 0,
Cohen's d = 0.24), the Llama 3.1 8B pail5 having
a t-value = 53.86 (p 0, Cohen's d = 1.40), and
the Phi 3 Medium pair6 having a t-value = 62.76
(p 0, Cohen's d = 1.63). The e ect is more
pronounced on Llama 3.1 8B and Phi 3 Medium,
likely either due to the Hermes 3 lower starting
safety scores or the di erent method used, as the
Hermes abliteration was applied through a LoRa
layer rather than directly. These results indicate
that the Dimension 0 items correlate strongly to the
ones whose behavior abliteration and the removal
of safeguards changed, and thus that this dimension
indeed captures safety.

Figure 5 The average accuracy of each model on items
binned by discrimination in Dimension 0. The safety ability
is represented by negative discrimination items.

3.1.4 Stability of BenchMIRT (reliability)

In addition to establishing that a single run of BenchMIRT dimensions uncover safety and general reasoning
abilities, we also examine the stability of the discovered constructs. We obtained loading matrices from ten
independent MIRT runs, on the partitions described in Y3.1.5. One of the solutions was oblimin-rotated for
interpretability, and all matrices were then orthogonally aligned to that target to ensure rotation equivalence
across runs, since EM estimation can converge to mathematically equivalent but di erently rotated solu-
tions (Chalmers, 2012). To assess consistency, we computed Tucker congruence coe cients)(the standard
factor-similarity metric (Lorenzo-Seva and Ten Berge, 2006), with ranging from .882 to .998 and dimension
means of .907 and 0.947 (See Table 6).

“*NousResearch/Hermes-3-Llama-3.1-70B and mlabonne/Hermes-3-Llama-3.1-70B-lorablated

® meta-llama/Llama-3.1-8B-Instruct and mlabonne/Meta-Llama-3.1-8B-Instruct-abliterated

® microsoft/Phi-3-medium-4k-instruct and dphn/dolphin-2.9.2-Phi-3-Medium-abliterated




BenchMIRT Single-Dim IRT Category IRT Overall Avg Cat. Avg Bench. Avg
MAE  Acc Rank MAE Acc Rank MAE Acc Rank MAE Acc Rank MAE Acc Rank MAE  Acc Rank

BBH 34,99 Tdoo 9390 43pp 5500 91l 4440 5000 :8lp, 4700 5900 8901 4790 5990 9500 4700 6000 :98.90
> GPQA 36.00 7301 52,5 499 :38p; :48¢s 13990 7001 :460g 4999 5401 4305 45q0 61lg;  :460s 14200 7001 4lgy
Z [IFEval 3400 741 68p; 4350 5601 6903 4300 5301 5o 460 6lg; 6703 4609 6lgo 6403 4loy 6701 94,
% Math 2500 830 7302 4990 3601 6304 2900 7700 :8003 4600 6401 :T4os 4loy  Thdoo 7302 2700 8lgp 96.01
O MMLU-Pro 29 00 79.00 9700 4dgo 4800 9300 138090 6200 :8801 4600 6200 :9300 4445 6500 9809 4200 6600 :99.00

MUSR :33.00  75.01 :59.05 440 4801 :5lgs 14309 5500 4607 14900 5301 :400g 14809 5500 4506 14990 5500 5508

BBQ 2500 820 8701 4990 27q0 4lgy 3000 7300 7902 4700 5900 7801 390 T7g0 6002 3000 7900  98.0

Do_Anything_Now :29 .  :80g; 8601 :49¢ 4601 227 4909 440y 2708 14600 6801 4403 4609 4801 640, 2701 8ly; 95

Harmbench 2901 :79.01 8901 44g 580, 4305 14309 560, 5305 14600 6409 550 4409 58pp 7502 13800 7201 94,

JailbreakTrigger B8ly;  77.00 9lgy 469 5501 4lgs 14500 :54o; 5203 4609 6501 5503 440 5601 7602 3700 7301 :96.01
f_j StrongReject 2900 :79.00 8701 4300 5700 :020; 4209 6000 :1503 5000 5400 1601 4409 5790 400, 13600 7200 :98.00
5) Toxigen 1400  9Lgp 6603 2000 8500 620 1600 B8990 7402 499 5301 6le 3800 8300 7402 109.00 193:00 :92:01

WildGuardTest 2601 8lg;  1920; :38g9 6601 :54o3 13700 6601 6503 4790 6301 6502 4200 6691 840 3700 Tlgp 9600

WildJailbreak 18,91 :88.90 9301 4990 3500 29 1490 :30gp 3405 470 6409 :48¢p 5200 3700 7002 2500 8209 :96.99

WMDP 3200 7600 8302 4600 4301 6504 4600 44or 58 .5 5200 4201 76.03 5300 4200 59.04 47g0 590 843

XSTest 25,91 82,1 :Tloz 3299 740 :5803 :3Llgg 7501 :6603 14800 5501 :5603 4log 7200 6703 13200 7701 85.p

micro-average 2800 7900 990 4lge 5500 9600 13800 :6lgy 9500 4790 :60gp 1:090 440 64gp  1:0g9 3800 :70gp  1:0.99

macro-average 280 79.00 8loy 4209 5500 4701 13990 6000 :5001 4800 5900 :5001 4500 6lgo  :6lgg :3500 7300  :89.00

Table 1 MIRT model predictions on new (model, item) pairs. Best score for each benchmark on each accuracy metric
is bolded. We report the average and standard deviation (subscript) across all ten folds.

These values indicate strong replication of the two-factor solution, showing Run_ (Dim0) (Dim 1)

that multiple independent and unsupervised iterations of BenchMIRT 1 0.998 0.996
discover the same two abilities corresponding to safety and general reasoning, 2 0.918 0.949
demonstrating the reliability of this method. 3 0.890 0.944
4 0.902 0.954
3.1.5 BenchMIRT can predict LLM benchmark performance 5 0.898 0.930
6 0.890 0.945
In order to verify the t of BenchMIRT to the benchmark results, and thus
. - . \ 7 0.889 0.949
the degree of explainability provided by BenchMIRT's latent constructs,
. : ; 8 0.894 0.930
we next examine whether BenchMIRT generalizes to unseen (item, model)
pairs. To do so, we partition the dataset of LLM-item score pairs into ten ° 0.882 0.939
folds and evaluate cross-validated performance. Results are reported in _10 0.911 0.934
Table 2. Avg 0.907 0.947

We compare BenchMIRT against a set of baselines. (a) Single-Dim IRT: Figure 6 Tucker Congruence

a single dimensional two-parameter IRT model trained on all data. (b) Coe cient for dim 0 and dim 1
Category IRT: two separate single dimensional two-parameter IRT models, over three runs

where one is trained on all data originating in a safety benchmark and one is trained on all data from general
reasoning benchmarks. The model corresponding to the category of the item being predicted is used in
testing. (c) Overall Average: predicts the score of an LLM on an item to be the average accuracy that the
LLM has on all the training data. (d) Category Average: predicts the score of an LLM on an item to be the
average accuracy that the model has on the category (General Reasoning or Safety) the item belongs to. (e)
Benchmark Average: predicts the score of an LLM on an item to be the average accuracy that the model has
on the benchmark the item belongs to. Similar hyperparameters as BenchMIRT were used for all baselines.

We evaluate the performance of each method with three metrics: MAE, mean average error between the Bench-
MIRT-predicted score and the actual score; accuracy, the rate at which the BenchMIRT prediction rounds

to the actual score; model ranking, the Spearman rank correlation between the actual and predicted ranking
of the models on the benchmark. Together, these metrics re ect complementary aspects of performance that
matter to benchmark users: producing well-calibrated predictions, correctly estimating item-level outcomes,
and enabling reliable comparisons of model abilities. Our results (Table 2) show that, overall, BenchMIRT
outperforms both single-dimensional IRT and category-based IRT variants across benchmarks, indicating that
the underlying construct is better captured by a two-dimensional representation. In particular, BenchMIRT
achieves the lowest mean absolute error when predicting held-out LLM responses. By contrast, benchmark
averaging yields higher Spearman rank correlations, likely because it better tracks coarse benchmark-level
tendencies and may re ect redundancy among items within a benchmark. This suggests that BenchMIRT
captures the latent structure of benchmark performance more faithfully than single dimensional alternatives,



Figure 8 Correlations of each set of Itered items to the  Figure 9 Correlations of each set of ltered items to

MIRT ability in Dimension O (Safety). Asterisks indicate the MIRT ability in Dimension 1 (General Reasoning).

a p-value $ 0.01. Blank entries indicate all items in that  Asterisks indicate a p-value $ 0.01. Blank entries indicate
benchmark were Itered out. all items in that benchmark were ltered out.

and validates that the discovered ability dimensions are robust and representative of the underlying struc-
ture. It also demonstrates the entanglement of safety and general reasoning more broadly BenchMIRT
allows items from all benchmarks to load onto either ability, while single dimensional IRT, even single
dimensional IRT that is t separately onto the safety

and general reasoning benchmarks, underperforms be-

cause it forces a hard benchmark category assignment.

3.1.6 Itemfiltering

Single-dimensional IRT in LLM-related work is often
used to Iter benchmarks to only the most discrimi-
nating items (Hofmann et al., 2025; Polo et al., 2024;
Kipnis et al., 2024) BenchMIRT o ers a robust ways

to do that not by which items represent a benchmark
best, but by which represent a desired ability best. We
t BenchMIRT to all benchmarks and items, leaving

no data out, trained with the same hyperparameters
used in the MIRT validation previously.

We rank items 1) By the information gained about

general reasoning capabilities and 2) By the informa-

tion gained about safety abilities. In order to do so, we

take all of the items, considering one dimension at a

time, and create 100 equally sized di culty bins where

each item is grouped with other items of a similar

di culty on that dimension. From each bin, we then Figure 7 Correlations of the score on Itered benchmarks
drop 50% or 90% of the items, keeping those with o the original. Asterisks indicate a p-value $ 0.01.
the highest discrimination. This ensures we preserve Blank entries indicate all items were Itered.

the full range of abilities the original benchmarks can

measure.

To evaluate the quality of this Iter, we examine impact
it has on benchmark scores and their correlation to



ability scores. Figures 8, 9, 7 show the Pearson Correlation Coe cient between LLM's ability parameters
from the MIRT model and the LLM's average scores on the items retained in each benchmark. We can see
that by conditioning on the di culty and discrimination, even with just 10% of the data when Itering by the
underlying condition we maintain the same correlation to the ability we Iter on for the benchmarks that
measure it, though some benchmarks that do not measure it may be fully Itered out. Item Itering here was
computed on all items irregardless of benchmark, for benchmark focused Itering see Appendix B.

3.1.7 Higher dimensional models

Given that the two dimensional model
maps cleanly and stably to a safety abil-
ity and a general reasoning ability, this
raises the question of whether these are
the predominant ability splits in the
LLM behavior, or if there are additional
ones in uencing these that should be
examined.

To determine this, we ran a single di-

mensional IRT model, a three dimen-

sional MIRT model, and a four dimen-

sional MIRT model and compare them

to BenchMIRT, evaluating them in

two ways. First, similarly to Y3.1.1, we Figure 10 The Pearson Correlation Coe cient between each ability
examine the correlation between each in the (M)IRT models and LLM average scores on each benchmark.
measurement of a model's abilities and  Starred numbers denote p-values$0.01. Dimensions for each model are

benchmark score. Figure 41 shows those referred to by ABCD to di erentiate them.

correlations in detail. BenchMIRT

shows the expected correlations, with Dimension 0 (dimA) negatively correlating strongly to safety benchmarks
and Dimension 1 (dimB) positively to general reasoning. The single dimensional model attempts a middle
ground, loading on all of the benchmarks. The three-dimensional and four-dimensional models, interestingly,
both have a dimension correlating strongly to 2D-dimA (3D-dimC and 4D-dimC) and a dimension measuring
the 2D-dimB ability (3D-dimA and 4D-dimB, though 4D-dimB is the ipped ability). Their other dimensions

are less strongly correlated to any benchmarks. As (M)IRT dimensions may ip directions based on the
random seed the algorithm begins with, these correlated dimensions are indeed measuring the same ability.
Second, we examine the correlations between each dimension in each (M)IRT model, which show the same
connections that Figure 41 does. These ability splits on the higher dimensional models demonstrate that the
safety and general reasoning abilities are stably discovered and separated even as the model is given increasing
freedom.

In order to measure whether the three and four dimensional MIRT models provide a better set of explainable
latent factors for LLM performance on these benchmarks, we compute the same ten-fold cross-validation
that we do for BenchMIRT and the other baselines. Additional dimensions provide strongly diminishing
returns while the two-dimensional model gained 24 points on the macro-average of accuracy from the
single-dimensional model, the three and four dimensional models gain only one. On total averages, they score
no more than three points higher on any given metric. These results suggest that there is no additional ability
that the two-dimensional model misses that the three or four dimensional model is capturing, and the two
ability constructs from BenchMIRT are indeed fully explaining LLM performance on these benchmarks. For
detailed accuracy results of the three and four dimensional models across benchmarks, see Appendix F.

3.2 Finding 2: BenchMIRT is useful foritem-and benchmark-level quality evaluation

We next show that BenchMIRT item parameters can o er insight into the construct validity of benchmarks
and their subsets.

The rst type of construct validity nding is on benchmarks that are entirely disconnected from the intended
ability measurement. Similarly to the ability correlations found in Y3.1.1, the item-level di culty and
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