BenchMIRT: Disentangling Safety and
General Capabilities in LLM Evaluation

MaliaMorgan' VasudhaVaradarajan? Faeze Brahman*' Maarten Sap*'.2

'Allen Institute for Al 2Language Technologies Institute, Carnegie Mellon University

*Authors equally and jointly advised this work

& Data: allenai/BenchMIRT
{)Code: allenai/BenchMIRT

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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Figure1 (1)The BENCHMIRT pipeline works as follows. We first 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
fits latent factors, item variables, and model characteristics to the data (Stage C). The result is a difficulty 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 benchmark item may rely on multiple
model abilities instead of the single one the benchmark is designed around, as Figure 1(2) demonstrates.
Additionally, different subsets of items from a benchmark may measure abilities differently, 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
question: 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 conflates 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 flattening any competing abilities into
a linear scale.

To demonstrate BENCHMIRT s utility, we fit 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 different LLM abilities,
has a greater predictive power on seen items than baselines reliant on benchmark averages or single dimensional
IRT models, and can filter 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 different 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’ fidelity to stated abilities.

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

1 Related Work

1.1 Benchmark evaluation

The field of benchmark evaluation and critique has grown substantially: datasets curated for benchmarking
can contain spurious items, associations, and biases that inflate 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). Different benchmarks should not be treated as equally difficult (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); meta-evaluations of benchmark quality such as ranking
different 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 efforts have explicitly
disentangled distinct skills across benchmarks, systematically observed trade-offs between measures, or treated
individual items appearing in multiple benchmarks as separable, fine-grained probes of capability or safety.

1.2 Psychometrics in 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 language-based psychometric assessments (Varadarajan
et al., 2024, 2026). In terms of static benchmarking efficiency 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
efficient item sets via single- and multidimensional IRT models but do not ground these in specific underlying
abilities nor incorporate safety benchmarks. Hofmann et al. (2025); Li et al. (2025b) leverage IRT for dynamic,
adaptive benchmarking, selecting items on the fly, 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-offs.

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 capability-optimized 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 harmlessness-oriented optimization can also lead to overrefusal of benign inputs (Rottger et al.,
2024; Cui et al., 2025; Brahman et al., 2024). Naively scaling safety-aligned data amplifies 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 HH-RLHF
dataset (Bai et al., 2022), separate helpfulness and harmlessness judgments are used to shape alignment, and
subsequent training frameworks explore the trade-off by optimizing one objective and observing systematic
degradation in the other (Dai et al., 2023; Ji et al.; Chittepu et al., 2025; Li et al., 2025a; Vijjini et al., 2025;
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 difficulty and discrimination along the two latent dimensions (e.g., general reasoning and safety). We fit 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 predefined 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 difficulty (Reckase, 2009):

1
1+e %0

P(Uij = 1163, a5) = (1)

where 6; represents the latent ability of the subject i, a; represents the difficulty of item j, and P(U;; = 1)

gives the probability of subject ¢ 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 differentiates between two subjects with similar abilities (Reckase, 2009).

1

P(U’Lj = lleiaajabj) = 1+ e_aj(ai_bj)

(2)
where b; 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 Item 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



models by assuming that all subject abilities and item parameters are, in fact, multidimensional vectors, where
each dimension represents a different underlying ability (Reckase, 2009). The formula for a two-dimensional
two parameter model thus becomes

1

P(U;; = 1|6;,a;,b;) = 15 o-as(0:by)

(3)
where 0; is the vector ability of subject 4, and a;, and b; are the vector representations of discrimination and
difficulty for item j respectively (Reckase, 2009). This formulation allows us to fit a broader definitions of
LLM abilities and explain competing abilities, because it accounts for the intersections of multiple skills that
may be required to answer items across different 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 OpenL.LM 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-Jailbreak Trigger(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 modified 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 fit BENCHMIRT only on items that offer discriminating
information. This filter leaves a total of 29,574 items. An ablation on BENCHMIRT showing nearly the exact
same results without the filter is found in Appendix D. The py-irt library was used to fit 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 first 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 first examine the dimensions uncovered by BENCHMIRT and confirm 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 BBH 1.00
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convey specific information about the LLM’s abilities. Finally, (afety)  (General

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 Coefficient

not fit as well to more uniform data (Li et al., 2025Db). 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 flip between runs. All total results presented in this paper are from a
run in which Dimension 0 represents a flipped 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 §3.1.4.

Reasoning)

3.1.2 Item-level safety classification (convergent validity)

We additionally verify the safety dimension using an existing safety classifier. 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, 13) correlate with the safety BENCHMIRT dimension, finding Pearson r = —0.77, (p = 0) between the
score and BENCHMIRT Dimension 0 discrimination, and r = —0.22 (p = 0) with Dimension 1 discrimination
(the capability dimension). For a more in-depth examination of the safety classifications 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 specifically on Dimension 0,
the safety dimension, we compare three model pairs where a model has been abliterated, i.e. had a specific tech-

2 Qwen/Qwen3Guard-Gen-8B
3Safe=-1 , Controversial=0, Unsafe=1
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nique applied in order to remove all safety guardrails. Figure 5 shows the separation of the paired LLMs across
items with different safety discrimination levels. The base models score significantly 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 0 discrimination, all models
show a significant separation. We compute an
unpaired t-test to quantify the difference, with the
Hermes 3 70B pair4 having a t-value = 9.08, (p = 0,
Cohen’s d = 0.24), the Llama 3.1 8B pauir5 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 effect 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 different 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.

3.1.4 Stability of BenchMIRT (reliability)
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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 §3.1.5. 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 differently rotated solu-
tions (Chalmers, 2012). To assess consistency, we computed Tucker congruence coefficients (¢), the standard

factor-similarity metric (Lorenzo-Seva and Ten Berge,

means of .907 and

2006), with ¢ ranging from .882 to .998 and dimension
0.947 (See Table 6).
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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 3400 Tdoo 9300 4300 S50 9o Adge BS000 8lox AT 5900 8901  AToo 5900 9500  ATo0 6000  -98.00
& GPQA 3600 7301 5205 4900 3801 4805 3900 7001 A6gs 4900 .B5dor 4305  Abgg 6l A6gs 4200 700 Algr
% IFEval 3400 Tdor 680y 4300 S601 6903 4300 5301 Sdos A6y .6lg;  67Tg3  A6gy 6l .6dgy  Algy 6701 9401
2 Math 2500 8300 7302 4900 3601 6301 2900 TToo 8003  A6gg .64 Tdos  Algy 7Aoo T3ex 2700 8l -96.01
O  MMLU-Pro 2900 7900 9700 Adgy 4800 9300 3800 6200 8801 A6y 6200 9300 Adgy 6500 9800 4200 6600 -99.00

MUSR 3300 7501 5905 Adgy 4801 Slos 4300 BBoo A6y A900 5301 4005 4809 SBoo A5os 4900  SBoo  Sbos

BBQ 2500 -8200 8701 4900 2700 4lgr 3000 300 7902 4700 5900 7801 3900 -TT00 6002 3000 7900 -98.00

Do_Anything Now .290; .800; 8601 4990 4601 2207 4909 Adg 2705 4600 6801 Adgs  AGgy A8 640y 2701 Blor 9501

Harmbench 2901 7901 8901 Adgy 58gn 4305 4300 60z 5305 A6y .6dgo BBgs  Adgy 58gx They 3800 7201 9401
. JailbreakTrigger Blor TT00 9l A6gy 5501 Algs  A5ge Bdo 5293 A6y 6501 Bbo3  Adgy 5691 .T603 3700 T301 96,01
£ StrongReject 2900 7900 8701  A300 5700 020y 4200 6009 1503 5000 Hhoo 1601  Adgy 570 A0gs 3600 T200  -98.00
&  Toxigen 1499 9lgy 6605 2000 8500 6200 1690 8900 Tdoa 4900 5301 6lgy 3800 8300 Tdoa 0900 9300 9201

WildGuardTest 260, -8lgy 9201 3890 6601 Sdgs  3Tg0 660 6503  ATgo 6301 650 420 6601 8dgy  3Tgo  Tlog 9600

WildJailbreak 1801 8800 9301 4900 3500 2905 4900 3000 345 AT 64g0 480y 5200 3700 002 2500 8200 -96.00

WMDP 3200 T6g0 8302 A6gy 430, —.650; 4600 A4 —5805 5200 4201 —7T603 5300 4200 —590s AToo 5900 84,03

XSTest 2501 8201 Tlos 3200 Tdoo 5803  3loo 7501 6605  ASgo B5o1  Bbos  Algy 7200 6703 3200 7701 -85.02

micro-average 2800 -T900 9900 Algy 5500 9600 3800 6log 9500  ATgo 6000 1.0g0  Adgy 6400 1.009 3800 7000 10,00

macro-average 2800 -T900 8loo 4200 5500 ATer 3900 6000 5001 4800 5900 5001 A5g0 .6l 6log 3500 7300 -89.00

Table1 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.

Run ¢ (Dim 0) ¢ (Dim 1)

These values indicate strong replication of the two-factor solution, showing

that multiple independent and unsupervised iterations of BENCHMIRT 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 fit of BENCHMIRT to the benchmark results, and thus
o . . 7 0.889 0.949
the degree of explainability provided by BENCHMIRT’s latent constructs, 5 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 9 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) Coefficient 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 reflect 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 reflect redundancy among items within a benchmark. This suggests that BENCHMIRT
captures the latent structure of benchmark performance more faithfully than single dimensional alternatives,
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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 fit separately onto the safety
and general reasoning benchmarks, underperforms be-
cause it forces a hard benchmark category assignment.

3.1.6

Single-dimensional IRT in LLM-related work is often
used to filter benchmarks to only the most discrimi-
nating items (Hofmann et al., 2025; Polo et al., 2024;
Kipnis et al., 2024) BENCHMIRT offers a robust ways
to do that not by which items represent a benchmark
best, but by which represent a desired ability best. We
fit BENCHMIRT to all benchmarks and items, leaving
no data out, trained with the same hyperparameters
used in the MIRT validation previously.

Item filtering

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 difficulty bins where
each item is grouped with other items of a similar
difficulty on that dimension. From each bin, we then
drop 50% or 90% of the items, keeping those with
the highest discrimination. This ensures we preserve
the full range of abilities the original benchmarks can
measure.

To evaluate the quality of this filter, we examine impact
it has on benchmark scores and their correlation to
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ability scores. Figures 8, 9, 7 show the Pearson Correlation Coeflicient 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 difficulty and discrimination, even with just 10% of the data when filtering by the
underlying condition we maintain the same correlation to the ability we filter on for the benchmarks that
measure it, though some benchmarks that do not measure it may be fully filtered out. Item filtering here was
computed on all items irregardless of benchmark, for benchmark focused filtering see Appendix B.

3.1.7 Higher dimensional models

Given that the two dimensional model
maps cleanly and stably to a safety abil-

BBH- 002+

ity and a general reasoning ability, this cran orer .
raises the question of whether these are - '

the predominant ability splits in the MMLU-Pro- 04t 050
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°
o
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-0.25
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sional MIRT model and compare them 10dma  Dgma  0dms  ouma oums  oomc  souma  sogms  soumc  Dum> -100

to BENCHMIRT, evaluating them in

two ways. First, similarly to §3.1.1, we Figure 10 The Pearson Correlation Coefficient between each ability
examine the correlation between each in the (M)IRT models and LLM average scores on each benchmark.
Starred numbers denote p-values <0.01. Dimensions for each model are
referred to by ABCD to differentiate them.

measurement of a model’s abilities and
benchmark score. Figure 41 shows those
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 flipped ability). Their other dimensions
are less strongly correlated to any benchmarks. As (M)IRT dimensions may flip 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 Finding2: BenchMIRTisuseful foritem-and benchmark-level quality evaluation

We next show that BENCHMIRT item parameters can offer insight into the construct validity of benchmarks
and their subsets.

The first type of construct validity finding is on benchmarks that are entirely disconnected from the intended
ability measurement. Similarly to the ability correlations found in §3.1.1, the item-level difficulty and
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discrimination values indicate that both WMDP and BBQ are measuring an LLM’s general reasoning ability
rather than its safety. Figure 12 shows that WMDP items have negative discrimination on Dimension 1
(general reasoning) and are varied on the Dimension 1 difficulty axis, but are clustered at 0 on Dimension 0
(safety) for both. This result indicates that an LLM’s average score on WMDP is correlated with a lower
general reasoning capability, but offers little information about safety ability. Similarly, Figure 11 shows that
BBQ items are clustered at 0 on Dimension 0 (safety) for both discrimination and difficulty, though they
appear positively correlated with discrimination on Dimension 1 (general reasoning). BBQ is thus also a
better measurement of a model’s general reasoning rather than safety ability.

The second measurement of construct validity on a benchmark is at the subset level. Figures 13 and 14
demonstrate that a benchmark may have a non-uniform internal structure. Figure 13 shows this split for the
XSTest subsets, where items from the harmful subset have a strong negative discrimination on Dimension
0 (indicating a strong safety measurement) but the overrefusal set has a slightly positive discrimination
(indicating a poor safety measurement). This suggests that averaging the two subsets may effectively obscure
their ability measurements. 14 shows a similar discrimination pattern in benign and harmful subsets. Though
a subset difference between benign and harmful items may not be surprising, Figure 15 demonstrates that
this method of auditing can also surface unexpected subset differences, in this case on HarmBench. Here, the
copyright subset appears to be significantly less discriminative than the others, even if the item difficulty
is similar. An average score on all of these items may thus lose nuance and specificity, while BENCHMIRT
surfaces these competing item characteristics.

Figure 16 shows the item parameters for a general reasoning benchmark. While there are not clear subset
patterns, these parameters do show that some items from MMLU-Pro are well clustered on the general
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reasoning dimension, with strongly positive item discriminations and a large spread across general reasoning
difficulties. Further observations about benchmark construction, including an analysis of each benchmark
used in this paper, can be found in Appendix E.

4 Conclusion

One of the most examined ability relationships in LLM evaluation, namely, measuring the safety-capability
tradeoff, relies heavily on each benchmarks’ construct validity. Yet benchmark items may require multiple
abilities simultaneously, subsets in a benchmark may measure different abilities, and full benchmarks may be
aligned to a separate construct altogether. We introduce BENCHMIRT, a new MIRT-based method to audit
benchmarks trained on the results of 100 LLMs across 16 benchmarks spanning both general reasoning and
safety.

BENCHMIRT improves upon the accuracy of single dimensional IRT models, even those separated by category,
showing that the two abilities are indeed entangled in all benchmarks. It enables the filtering of benchmarks
by different targeted abilities to as few as 10% of items while remaining accurate. It also breaks down the
internal structure of benchmarks, surfacing their construct validity as a whole and by subset — showing BBQ
and WMDP’s lack of measurement on an LLM’s safety ability and the differences in discrimination between
HarmBench’s subsets.

These results suggest that BENCHMIRT is well-suited for modeling competing, conflicting abilities and might
generalize to other domains where latent dimensions interact (e.g., truthfulness-creativity). Future work may
generalize this further, opening doors to dynamic benchmarking methods, more targeted evaluation design,
and sharper diagnostic tools for future model assessments.

Limitations

BENCHMIRT is limited by the types of data we had access to — all LLMs on the OpenLLM Leaderboard
were released in March of 2025 or earlier, so newer models were not included in our analysis. In addition,
the choice of benchmarks is an inherent assumption about what tasks general reasoning and safety abilities
encompass. BENCHMIRT does not show that given any set of benchmarks the resulting discovered abilities
would map to general reasoning and safety, only that those are the abilities that these benchmarks rely upon.
We leave further generalization of this method to additional abilities or benchmarks to future work.

In addition, BENCHMIRT is a two-parameter MIRT model and we did not ablate with higher parameter
methods. Three and four parameter MIRT models, which can refine the method to additionally consider
guessing (the odds of a weak model getting a question correct randomly) and ceiling (the point at which a
greater ability model does not have a higher chance of succeeding on an item) parameters have not been
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found to be necessary in previous LLM IRT work. We leave for future work whether higher parameter MIRT
models would enhance BENCHMIRT s ability to audit items.

BENCHMIRT offers a better way to audit existing benchmarks, and does not provide a new benchmark on its
own. Nevertheless, the possibility exists that BENCHMIRT could enable the explicit filtering out of any safety
related items from benchmarks or the selecting for items with negative discriminability on safety, enabling
evaluations for less safe models. However, given other existing benchmarks and techniques, we judge that the
added benefit of benchmark explainability to LLM developers and evaluators to outweigh this possibility.
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A BenchmarkDefinitions

For all benchmarks, scores on items were calibrated such that 1 was the desired response and 0 the incorrect,
which included binarizing the IFEval and StrongReject scores. Thirty-eight MMLU-Pro questions were
removed because they underwent editing while models were being run and so differed across model runs, and
all MATH scores were recalculated using HuggingFace’s updated Math-Verify procedure and the most recent
gold answers to ensure correctness and consistency of output scoring (Kydlicek; Clémentine Fourrier, 2025).
All models were run on the safety benchmarks through a branch of the allenai/safety-eval repository with
their default chat template as defined on Hugging Face. If a model did not have a chat template defined in
the tokenizer config, the following generic chat template was used:

"You are a helpful, honest, and harmless assistant.
User: {instruction}\nAssistant:"

In running the safety benchmarks, we match the hyperparameters used for the OpenLLM Leaderboard v2
of temperature = 0 and a max generation length of 1280, with the exception of models trained to produce
a chain of thought before their response, which were run with a max generation length of 32768. The full
compute required to run the safety evaluations was roughly 103 hours on a NVIDIA H100 GPU, 32 hours on
a NVIDIA A100 GPU, and 16 hours on a NVIDIA 140 GPU. Appendix G gives more information for each
model.

BBH: BBH is a curated subset of tasks from the earlier Big-Bench evaluation suite selected to be difficult and
require reasoning skills. There are prompts across 23 subsets, including following shuffling objects, reasoning
about ambiguous pronouns, and evaluating boolean expressions. BBH questions are primarily multiple choice,
with the number of options varying by subset. BBH is considered a general reasoning benchmark for this
analysis, and all results are collected from the OpenLLM Leaderboard v2 (Suzgun et al., 2023). (License:
MIT)

GPQA: GPQA is a set of very difficult multiple choice questions across chemistry, biology, and physics written
by domain experts and designed to be "Google-proof". It is a multiple choice benchmark, with four options for
each question. This work uses the extended subset, will all results collected from the OpenLLM Leaderboard
v2. GPQA is classified as a general reasoning benchmark for this analysis (Rein et al., 2024). (License: CC
BY-NC 4.0)

MMLU-Pro: MMLU-Pro is a general reasoning benchmark with all data collected from the OpenLLM
Leaderboard. It contains multiple choice questions across 14 domains ranging from history to physics, and
each question has ten potential answers. It was designed to require complexity and reasoning in LLM analysis,
in addition to factual knowledge recall (Wang et al., 2024). (License: MIT)

MATH: MATH is a general reasoning benchmark consisting of high-school competition level math problems
designed to require reasoning and application of mathematical skills. LLM responses are collected from the
Open LLM Leaderboard and re-scored with MathVerify. Responses are open-ended generation, but final
answers must conform to a given format. (Hendrycks et al., 2021). (License: MIT)

MuSR: MuSR is designed to test complex reasoning skills across long prompts — it contains 1000 word long
prompts including murder mysteries, team assignments, and object placements. All three subsets are multiple
choice. It is a general reasoning benchmark, and all LLM scores are collected from the OpenLLM Leaderboard
(Sprague et al., 2023). (License: CC BY-NC 4.0)

IFEval: IFEval is an instruction-following benchmark, which measures a model’s ability to follow very specific
formatting requirements in a response. Responses are collected as text generations. It is a general reasoning
benchmark, and all data is collected from the OpenLLM Leaderboard (Zhou et al., 2023). (License: Apache
2.0)

BBQ: BBQ is a multiple choice safety benchmark measuring LLM bias across ambiguous and unambiguous
settings as well as in negative and non-negative situations. It covers bias across nine domains, and each

question has a stereotyped answer, non-stereotyped answer, and explicit ambiguous answer. Responses were
graded by a string parser (Parrish et al., 2022). (License: CC BY-NC 4.0)

Do-Anything-Now: Do-Anything-Now is a jailbreak safety benchmark that collects real jailbreaks created by
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users and measures and LLM’s susceptibility. It focuses on jailbreaks with the prompt form "Do Anything
Now", where a model is that it’s safeguards no longer apply. Responses were judged as compliant or not by
the WildGuard judge model (Shen et al., 2024). (License: MIT)

HarmBench: HarmBench is a safety benchmark consisting of three subsets, including contextual questions,
standard questions, and copyright violations designed to measure an LLM’s harmful uplift beyond information
easily found online. Responses were collected as free generation and judged as harmful or not by the WildGuard
judge model. (Mazeika et al., 2024). (License: MIT)

StrongReject: StrongReject is a safety benchmark that pairs new and effective jailbreak techniques with a set
of harmful prompts and measures not just if an LLM complies but how detailed and harmful the output is.
Item scores were generated based on the fine-tuned model qylu4156/strongreject — 15k — v1 (Souly et al.,
2024). (License: MIT)

ToxiGen: ToxiGen is a safety benchmark consisting of a set of toxic statements presented to the model, which
is then scored on whether it produces additional harmful content. Toxicity scores were assigned to each LLM
response by the tomh/toxigen,oberta classifier (Hartvigsen et al., 2022). (License: MIT)

TrustLLM-JailbreakTrigger: JailbreakTrigger is a safety benchmark containing a set of jailbreak techniques
and prompts, including those in the form of a question and of an instruction. Each LLM is scored by the
WildGuard classifier for refusal ability (Huang et al., 2024). (License: MIT)

WildGuardTest: WildGuardTest is a safety benchmark containing in-the-wild and synthetic adversarial
prompts. LLM responses are judged based on harmfulness by the WildGuard classifier. (Han et al., 2024).
(License: ODC-BY)

WildJailbreak: WildJailbreak is a safety benchmark that contains both 2000 jailbreak prompts to measure a
model’s harmful output and 250 benign prompts to measure overrefusal. The WildGuard classifier grades the
jailbreak prompts on the LLM’s ability to refuse, and the benign prompts on the LLM’s compliance (Jiang et al.,

2024). (License: ODC-BY)
WMDP: WMDP is a multiple choice safety benchmark sen G GG [ 1.00
designed to measure a model’s knowledge of dangerous, GPoA- o7e oo [FEN osse

dual-use areas in chemistry, biology, and cyber capabili- IFEval- 099% 099+ 096  0.96* [ 075
ties. As such, a model is scored as correct if it refuses to MATH- 100~  099* 098"  097* 050
answer or gives the wrong answer. Each multiple choice MMLU-Pro- 099  099*  096% 099

prompt has four options, and is graded by string parsing MuSR Toser T oser RIS 0.25
(Li et al., 2024). We use a slightly modified version of BEQ I 5
the subset used in allenai/safety-eval in order to remove Do-Anything-Now — 1007 100t o99r 08" 0.00 %
qu-estions too long for smaller models’ context length. lail;:;?:;::: Zzz 222 ZZZ :Z: E
(License: MIT) StrongReject - 0.99* 098* 098" 0.5+ —023
XSTest: XSTest is a safety benchmark that measures ToxiGen- 099 099 08 096" oso
overrefusal and harmfulness over a set of semantically WildGuardTest - 099* 098 0e7* 095

similar harmful and benign prompts. LLM responses WildJailbreak -SH0.89% 0.9 05N NECS 075
are classified by the WildGuard judge as refusal or com- wwop - ose oo osx [NCETN

pliance, and then scored based on the subset, with the XS Test N O _1.00
desired response to an overrefusal item being compliance, Toliyo AT AbyO Aoyl

(Safety) (General {Safety) (General
Reasoning) Reasoning)

and to a harmful prompt being refusal (Rottger et al.,
2024). (License: CC BY-NC 4.0)
Figure 17 Correlation of filtered-by-benchmark items
to the original score. Asterisks indicate a p-value <

B Item filtering 0.01.

We explore filtering items inside each benchmark in
addition to filtering items based on difficulty and dis-
crimination scores across the full set of items. As in
§3.1.6, we filter both on Dimension 0 (safety) and Di-
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Figure 18 Correlation of each set of filtered-by-benchmark Figure 19 Correlation of each set of filtered-by-benchmark
items to the MIRT ability in Dimension 0 (Safety). Aster- items to the MIRT ability in Dimension 1 (General Rea-
isks indicate a p-value < 0.01. soning). Asterisks indicate a p-value < 0.01.

mension 1 (general reasoning) to create two sets of filtered items. In this case, we bin items inside each
benchmark by their difficulty and then drop those with the lowest discrimination. As such, we keep 10% and
50% of each benchmark in addition to 10% and 50% of the total set. Figures 18, 19, and 17 show the results.
Filtering based on the benchmark is generally more successful at maintaining benchmark scores even when
the filtering is based on the ability not associated with that dimension.

C Itemlevel safety classifications

We examined several trends inside the item-level safety classifications. In addition to the Safe/Unsafe/Contro-
versial rating, Qwen3 Guard also returns the category violated. Figures 20 and 21 show the full breakdown by
item discrimination bin.

We also examine safety category violations by benchmark in Figures 22 and 23. While these results largely
conform to expectations and map to the benchmarks’ intended ability measurements, there are some exceptions.
Notably, WMDP and BBQ items are overwhelmingly rated as Safe, demonstrating the limits of this style of
analysis.

Finally, we examine item classification and categorization by difficulty in both dimensions. We find that
Unsafe prompts are split between high and low safety difficulties in Dimension 0, while in Dimension 1 there
is a more even split with more safety items at lower difficulties.

D Ablation without low variance filter

In order to investigate the impact of filtering out items with lower that 5% or higher than 95% accuracy,
we fit BENCHMIRT to all of the instances. The results are very similar to the final results presented above.
Figure 30 shows the correlations between each ability dimension and average benchmark score — as found
in §3.1.1, there is one dimension with a strong correlation to many of the safety benchmarks (Dimension 1
and positive in this case) and one dimension with a strong correlation to the general reasoning benchmarks
(Dimension 0, also positive). This analysis also finds the misalignment of BBQ and WMDP as discussed
earlier. Table D contains the predictive results on the full set of items, run with the same set up as in §3.1.5.

It again finds the same pattern as the filtered set of items, with BENCHMIRT generally out-performing all
other methods on MAE and accuracy, while the per-benchmark average generally scores the best on the
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Figure 26 The safety categories of Unsafe and Controver- Figure 27 The safety categories of Unsafe and Contro-

sial items by difficulty bin on Dimension 0 (Safety) versial items by difficulty bin on Dimension 1 (General
Reasoning)
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 3300 500 9301 Adgy 5lgg STor  A3g0 Sloo Tlos 4800 5900 8900  AToo Shoo 9500  AToo 6000  -98.00
2 GPQA 3600 Tdor 4909 3800 1001 3710 3800 T001 Adgs 4900 5501 4207 Adgy 660 ASgr  A200  T0o1 3905
% IFEval 3200 501 0901 Algy 5501 A5, Algy 5501 AGos  ATgy 6lor .6Tgr A5y 6201 6500 A200 6701 9301
& Math 1600 8900 .T3gs 2000 8600 6503 2000 8600 7603  ATgo 6200 Tor 3800 8200 T30z 2lg 8609 .96
O MMLU-Pro 2500 8200 9800 3doo 6700 6302  3doo 6700 7Tz AToo 6200 9301 4300 6800 9800  Algy 6800 9900
MUSR 2700 8000 .6dog 370 5901 A0gy  3Too 5901 ASos 4900 5301 3605 AToo 5801 Algr  ASgo 5901 A9
BBQ 2500 8200 8701 4900 2700 4los 3000 7300 T9.01 ATo0 5900 -T801 3900 -TTo0 6002 3000 7900 -98.00
Do_Anything Now 2901 8001 8501 4300 6001 6005 4900 4001 2607  AGgo 6801 .Adgs  ASgy A6 650  2T01 .8lor 9501
Harmbench 2701 8001 8901 4600 4301 5305 AOg STor Slos  ATee 6lor 5605 Adoy 6001 Thes 3900 7001 -93.01
. JailbreakTrigger Blor TTor 9001 460 5001 5Tes  A6oo 5001 5008 ATge 6501 550s 4500 S501 TTes  3Too  T3or  -96.00
£ StrongReject 1800 8700 8601 S000 21y A00r 2800 900 ddgs  Slog 4900 14z A0 T3or 3905 3000 900 9800
% Toxigen A201 9200 6803 5000 0809 3602 1300 9200 761 5000 4800 6201  3boo 8901 751 0890 9400 92,01
WildGuardTest 2100 8500 9301 4800 2901 530 3000 201 G505 4800 5Tor 6602 400y 201 8ot 3500  T3o1 9601
WildJailbreak 1601 9000 94z 2900 T300 6905  A6oo 2700 3dos  ATge 6200 4802 Shoo 3ot 690 3300 TToo  920n
WMDP 3loo 7600 Bdgo Adgy Sl =367 A4 5001 =545 5200 4300 —T603 5200 4601 —5904 4700 5900 8403
XSTest 2001 8501 Tlos 5000 1901 3lio 2501 8lor 6904 5000 5loi 560a 3900 7801 66004 2800 Blor .84.03
micro-average 2500 8200 9900 4000 5200 7601 Bdoo 6400 93 A800 5900  -99.00 4300 6500 9900 3700 Tloo  1.0.00
macro-average 2500 8200  Blor 4209 4800 44> 3500 6300 4801 A8gy  5Too 5001 44 6400 6001 350 Thoo 8801

Table 2 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.
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Figure 31 Item difficulty and discrimination in both di- Figure 32 Item difficulty and discrimination in both
mensions for BBH. dimensions for GPQA.

ranking metric.

This analysis differs from the earlier presented when auditing benchmarks directly. As Figures 28 and 29
show, there is a set of items that end up with extremely high or extremely low item parameters along
the safety dimension. These items turn out to universally be the low variance items previously filtered
out. All of the general reasoning benchmarks and many of the safety ones have these artifacts. The
lack of signal from the model responses meant that the item parameters never got correctly updated.

These items obscure the existing genuine subset patterns and
interfere with item filtering without adding any information
to the analysis, supporting the decision to remove them at
the beginning of the pipeline.

E Qualitative analysis of benchmark
make-up

Item difficulty and discrimination offer new insights into bench-
mark construction. Here we show the results of the same
analysis discussed in §3.2 on the remaining benchmarks.

Figure 31 shows the item parameters for BBH, which is
strongly aligned with the axis measuring general reasoning as
expected, and well distributed across difficulty.

Figure 32 shows the item parameters for GPQA, which has a
set of well-distributed difficulties across the general reasoning
axis, though the item discriminations are clustered around zero.
Interestingly, GPQA appears split roughly in half between
positive and negatively discriminating items.

Figure 33 has the item difficulties and discriminations for
MuSR. Like MMLU-Pro, the parameters are primarily clus-
tered around the general reasoning dimension, indicating a
strong alignment to the stated ability, with generally positive
item discrimination scores.

As seen in Figure 34, the MATH benchmark appears generally
similar to the other general reasoning benchmarks, though
the majority of its items have higher difficulty scores.

Figure 35 shows that Do-Anything-Now is well aligned to and
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LLM average on each unfiltered benchmark.
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Figure 33 Item difficulty and discrimination in both Figure 34 Item difficulty and discrimination in both
dimensions for MuSR. dimensions for MATH.

100 3 100 3
75 2 5 2
HE £ HEU 2,
: i : i
T o2s T 25
H 3o
$ H é H
T o e 3 0o B
3 z-1 3 z-1
£ £ £ €
£-2s £ §-2s £
a -2 s -2
-0 50
K -3
15 15
30 15 -lo 65 0o 05 10 20 -is -0 -5 oo 05 10 20 -is  -lo 05 oo o5 10 20 -is 10 -6s oo 05 10
Discrimination 0 (Safety) Diffculty 0 (Safety) Discrimination 0 (Safety) Diffculty 0 (Safety)
Refusal sentence prohibition ~ « fixed sentence  * no_long_word scenario
o AlPromptSharing ¢ ChatGPT ©  LLMPromptwriting  + jailbreak_chat *  bad words ©  json_format © no_punctuation  « url_encode
©  BreakGPT ©  ChatGPTjailbreak © ot © leetspeak ©  programming without_the
© cou +  multitask
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Figure 39 Item difficulty and discrimination in both Figure 40 Item difficulty and discrimination in both
dimensions for WildGuardTest. dimensions for IFEval.

discriminative of safety, though the items are in general not difficult. This may reflect Do-Anything-Now’s
narrow, comparatively older jailbreak style.

Very similarly to Do-Anything-Now, Figure 36 shows that TrustLLM-JailbreakTrigger is well-aligned to safety,
though not a difficult benchmark. TrustLLM-JailbreakTrigger does also demonstrate some separation between
how discriminative different subsets of the benchmark are, though not as distinctive as HarmBench it is clear
that several of the most discriminative items are from the "bad words" subset.

Figure 37 has the item parameters for ToxiGen. Interestingly, ToxiGen discrimination scores indicate it is
measuring both dimensions, while the difficulty scores are strongly negative on the general reasoning axis.
This pattern is likely a reflection of the general saturation of ToxiGen.

From Figure 38, we can see that StrongReject item discrimination scores are tightly clustered around the
safety axis, though the item difficulty scores show a greater spread along the general reasoning axis. This
may be a reflection of the puzzle-like nature of some of StrongReject’s jailbreaks, which are more difficult to
understand.

Figure 39 shows a separation in the subsets of WildGuardTest, where vanilla prompts are more consistently
discriminative than adversarial ones, though the adversarial ones may be more difficult. The general negative
difficulty scores likely reflects a higher saturation of the benchmark score — though not as pronounced as
ToxiGen, many models incorrectly answering questions may have generally lower abilities.

As seen in Figure 40, the IFEval items are almost all positively discriminative, indicating a well-made
benchmark, and the difficulties have a large spread on the general reasoning axis while remaining more closely
centered on the safety axis.

F Additional dimensions

Further results on the three and four dimensional models discussed in §3.1.7 are presented here. Table F
shows the accuracy results on each benchmark .

Figure 41 shows the correlations between each dimension in the different models.

G LLMsincludedinthe model

From the LLM models available on the OpenLLM Leaderboard v2, which include models open-sourced up
to March of 2025, we filtered to those marked as from official providers, currently available on Hugging
Face, not flagged as possibly contaminated, and not classified as 'pretrained’, 'base merges and moerges’, or
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Table 3 Model predictions on new (model, item) pairs for the three and four dimensional MIRT models. We report
the average and standard deviation (subscript) across all ten folds.

Three-Dimensional MIRT  Four-Dimensional MIRT

MAE Acc Rank MAE Acc Rank

BBH 3300 750 9300 3200 7600 9500
Z GPQA 3600 7301 5008 3500 7301 5207
% IFEval 3301 Tdor 7004 3300 o1 T3os
& Math 2400 8300 7809 2400 8300 -T8o01
O MMLU-Pro 2800 8000 9700 2700 8000 9800
MUSR 3200 7699 .60gg 3200 7600 .59 06
BBQ 2400 8200 8801 2400 8200 8901
Do _Anything Now .29; 8091 .861 2801 8091 .8601
Harmbench 2901 71900 -8901 2801 7901 9001

o JailbreakTrigger Blogr 7701 910 3000 7701 91y
E StrongReject 2800 8090 911 2800 8000 9201
& Toxigen 1300 910 6901 1201 919 7601
WildGuardTest 2600 8l 9301 2500 8l 9o
WildJailbreak A8 91 8800 9301 A801 8800 9301
WMDP Blogg 7600 .8302 Blgg 7690 8302
XSTest 2300 8301 7503 2301 8301 7603
micro-average 2700 8000 -99 00 2700 8099 1.0¢99
macro-average 2700 8000 -82¢0 2700 8090 8301
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Figure 41 The Pearson Correlation Coefficient between each ability in the (M)IRT models. Starred numbers denote
p-values <0.01. Dimensions for each model are referred to by ABCD to differentiate them.
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Model License
01-ai/Yi-1.5-34B-Chat-16K (Yi-, 2024) apache-2.0
01-ai/Yi-34B-Chat (Yi-, 2023) apache-2.0

abacusai/Liberated-Qwen1.5-14B(Lib, 2024)
abacusai/Llama-3-Smaug-8B(Lla, 2024c)
abacusai/Smaug-72B-v0.1(Sma, 2024a)
abacusai/Smaug-Qwen2-72B-Instruct (Sma, 2024Db)
allenai/Llama-3.1-Tulu-3-8B(Lla, 2024h)
allenai/OLMo-2-1124-7B-Instruct(OLM, 2024a)
allenai/ OLMoE-1B-7B-0924-Instruct(OLM, 2024b)
allenai/Llama-3.1-Tulu-3-70B(Lla, 2024g)
amd/AMD-Llama-135m(AMD, 2024)
berkeley-nest /Starling-LM-7B-alpha(Sta, 2023)
CausalLM/14B(14B, 2023)

cognitivecomputations/dolphin-2.9.2-Phi-3-Medium-abliterated(dol, 2024c)
cognitivecomputations/Dolphin3.0-R1-Mistral-24B(Dol, 2025)

cognitivecomputations/dolphin-2.9.1-1lama-3-70b(dol, 2024a)
cognitivecomputations/dolphin-2.9.1-yi-1.5-34b(dol, 2024b)
cognitivecomputations/dolphin-2.9.2-qwen2-72b(dol, 2024d)

cognitivecomputations/dolphin-2.9.3-Yi-1.5-34B-32k(dol, 2024e)

cognitivecomputations/Dolphin3.0-Llama3.1-8B(Dol, 2024a)
cognitivecomputations/Dolphin3.0-Llama3.2-1B(Dol, 2024b)
cognitivecomputations/Dolphin3.0-Qwen2.5-0.5B(Dol, 2024c)
CohereForAl/c4ai-command-r-plus-08-2024(c4a, 2024)
deepseek-ai/deepseek-1lm-7h-chat(dee, 2023)
deepseek-ai/DeepSeek-R1-Distill-Qwen-7B(Dee, 2025¢)
deepseek-ai/DeepSeek-R1-Distill-Llama-8B(Dee, 2025b)
deepseek-ai/DeepSeek-R1-Distill-Qwen-32B(Dee, 2025d)
deepseek-ai/DeepSeek-R1-Distill-Qwen-1.5B(Dee, 2025¢)
google/gemma-1.1-7b-it(gem, 2024a)
google/gemma-2-27b-it(gem, 2024b)
gradientai/Llama-3-8B-Instruct-Gradient-1048k(Lla, 2024a)
HuggingFaceH4 /zephyr-7b-beta(zep, 2023)
HuggingFaceTB/SmolL.M2-360M-Instruct(Smo, 2024)
ibm-granite/granite-3.0-8b-instruct(gra, 2024)
ibm-granite/granite-3.2-8b-instruct(gra, 2025)
ibm/merlinite-7b(mer, 2024)

Intel /neural-chat-7b-v3-3(neu, 2023)

internlm /internlm2  5-7b-chat(int, 2024)
LLM360,/K2-Chat(K2-, 2024)

Tongyi Qian
Llama2
Tongyi Qian
Tongyi Qian
Llamagd.1
apache-2.0
apache-2.0
Llamagd.1
apache-2.0
apache-2.0
WTFPL
MIT
unknown
Llama3
apache-2.0
Tongyi Qian
apache-2.0
Llama3.1
Llama3.2
apache-2.0

CC BY-NC 4.0

deepseek
MIT

MIT

MIT

MIT
gemma
gemma
Llama3
MIT
apache-2.0
apache-2.0
apache-2.0
apache-2.0
apache-2.0
apache-2.0
apache-2.0
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Model

License

lmsys/vicuna-7b-v1.5(vic, 2023)

meta-llama/Llama-3.1-70B-Instruct(Lla, 2024d)

meta-llama/Llama-3.1-8B-Instruct(Lla, 2024¢)
meta-llama/Llama-3.2-1B-Instruct(Lla, 20241)
meta-llama/Llama-3.2-3B-Instruct(Lla, 2024j)

meta-llama/Llama-3.3-70B-Instruct(Lla, 2024k)
meta-llama/Meta-Llama-3-8B-Instruct(Met, 2024a)
microsoft /Phi-3-medium-4k-instruct(Phi, 2024a)

microsoft /Phi-3-mini-4k-instruct(Phi, 2024Db)
microsoft /Phi-3.5-MoE-instruct(Phi, 2024c)
microsoft /phi-4 (phi, 2024)

mistralai/Ministral-8B-Instruct-2410 (Min, 2024)
mistralai/Mistral-7B-Instruct-v0.2 (Mis, 2023a)
mistralai/Mistral-Large-Instruct-2411 (Mis, 2024a)
mistralai/Mistral-Nemo-Instruct-2407 (Mis, 2024Db)
mistralai/Mistral-Small-Instruct-2409 (Mis, 2024c)

mlabonne/AlphaMonarch-7B (Alp, 2024)

mlabonne/Daredevil-8B-abliterated (Dar, 2024)
mlabonne/Hermes-3-Llama-3.1-70B-lorablated (Her, 2024c¢)
mlabonne/Meta-Llama-3.1-8B-Instruct-abliterated (Met, 2024b)
mlabonne/NeuralDaredevil-8B-abliterated (Neu, 2024)

Nexusflow/NexusRaven-V2-13B (Nex, 2023)

NousResearch/DeepHermes-3-Mistral-24B-Preview (Dee, 2025a)
NousResearch/Hermes-2-Pro-Mistral-7B (Her, 2024a)
NousResearch/Hermes-3-Llama-3.1-70B (Her, 2024Db)
NousResearch/Nous-Hermes-2-SOLAR-10.7B (SOL, 2023)
NousResearch/Nous-Hermes-llama-2-7b (Nou, 2023)

nvidia/Acelnstruct-1.5B (Ace, 2025a)
nvidia/Acelnstruct-72B (Ace, 2025b)
nvidia/AceMath-72B-Instruct (Ace, 2025¢)
nvidia/AceMath-7B-Instruct (Ace, 2025d)

nvidia/Llama-3.1-Nemotron-70B-Instruct-HF (Lla, 2024f)

nvidia/OpenMath2-Llama3.1-8B (Ope, 2024)

Open-Orca/Mistral-7B-OpenOrca (Mis, 2023Db)
OpenAssistant/oasst-sft-1-pythia-12b (oas, 2023)

openchat/openchat-3.5-0106 (ope, 2024)

Primelntellect / INTELLECT-1-Instruct(INT, 2024)

PygmalionAl/pygmalion-6b (pyg, 2023)

Llama2
Llamad.1
Llamad.1
Llamad.2
Llamad.2
Llamad.3
Llama3

MIT

MIT

MIT

MIT

Mistral Research License
apache-2.0
Mistral Research License
apache-2.0
Mistral Research License
CC BY-NC 4.0
Llamad
Llamad.1
Llamad.1
Llamad
nexusflow.ai
apache-2.0
apache-2.0
Llama3
apache-2.0
MIT

CC BY-NC 4.0
CC BY-NC 4.0
CC BY-NC 4.0
CC BY-NC 4.0
Llamad.1
Llamad.1
apache-2.0
apache-2.0
apache-2.0
apache-2.0

creativeml-openrail
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Model

License

Qwen/Qwen2-72B-Instruct (Qwe, 2024a)
Qwen/Qwen2-VL-7B-Instruct (Qwe, 2024b)
Qwen/Qwen2.5-0.5B-Instruct (Qwe, 2024c)
Qwen/Qwen2.5-1.5B-Instruct (Qwe, 2024d)
Qwen/Qwen2.5-14B-Instruct (Qwe, 2024e¢)
Qwen/Qwen2.5-72B-Instruct (Qwe, 2024f)
Qwen/Qwen2.5-Coder-7B-Instruct (Qwe, 2024g)
Qwen/QwQ-32B (Qw(Q), 2025)
refuelai/Llama-3-Refueled (Lla, 2024D)
rhymes-ai/Aria (Ari, 2024)

speakleash /Bielik-11B-v2.3-Instruct (Bie, 2024)
stabilityai/stablelm-2-zephyr-1_6b (sta, 2024)
teknium/OpenHermes-13B (Ope, 2023a)

teknium /OpenHermes-2.5-Mistral-7B (Ope, 2023b)
Tencent ARC/LLaMA-Pro-8B (LLa, 2024a)
TencentARC/LLaMA-Pro-8B-Instruct (LLa, 2024b)
tiluae/Falcon3-7B-Instruct (Fal, 2024)
tiluae/Falcon-7B-Instruct (Fal, 2023)
TinyLlama/TinyLlama-1.1B-Chat-v1.0(Tin, 2023)
togethercomputer/ GPT-NeoXT-Chat-Base-20B(GPT, 2023)
upstage/SOLAR-10.7B-Instruct-v1.0(SOL, 2023)
WizardLMTeam /WizardLM-13B-V1.2 (Wiz, 2023a)
WizardLMTeam /WizardLM-70B-V1.0(Wiz, 2023b)

Tongyi Qianwen
apache-2.0
apache-2.0
apache-2.0
apache-2.0
Qwen License
apache-2.0
apache-2.0
apache-2.0
apache-2.0
apache-2.0
Stability Al
MIT
apache-2.0
Llama2
Llama?2

Falcon LLM License
apache-2.0
apache-2.0
apache-2.0
CC-BY-NC-4.0
Llama?2
Llama2
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"continuously pretrained’.7 Given the approximately 250 LLMs remaining, we selected 100 models to maximize
coverage across ability levels, model sizes, model families, reasoning (trained to produce a Chain of Thought)
vs instruct models, and estimated safety ability. Tables G and G gives more information for each model.

7meta—llama/ Llama-3.1-8B-Instruct is included, though the leaderboard has it classified as a pretrained model and meta-
llama/Llama-3.1-8B as the finetuned.
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