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Abstract

Safety benchmarks for language models are typ-
ically evaluated using static paradigms that treat
all items as equally informative for all models,
an assumption that is particularly problematic for
adversarial, highly heterogeneous safety items.
Applied in full to modern benchmark suites, the
current evaluation procedures would require on
the order of 105 responses, most of which pro-
vide little ranking signal. We analyze a suite of
widely used safety benchmarks and make three
contributions toward more efficient safety evalua-
tion. First, we show that Item Response Theory
(IRT) recovers interpretable structure on safety
benchmarks, with ability estimates resolving dif-
ferences among models that cluster at the ceiling
of raw safety metrics. Second, we show that adap-
tive item selection, which dynamically chooses
informative items for each model based on its re-
sponses, approximates full-benchmark rankings
while reducing evaluation cost by at least 80%
on benchmarks where Spearman’s ρ >90% with
full-benchmark is attainable, and by up to 99.7%
on AIR-Bench 2024. Third, we introduce a prac-
tical procedure for extracting a fixed, informative
subset of items reusable across models, providing
an alternative to adaptive selection with savings
up to 99.0% on AIR-Bench 2024. Together, these
results establish that psychometric methods en-
able benchmark-aware reductions in evaluation
costs across the safety evaluation pipeline.

1. Introduction
Language models are typically evaluated on safety bench-
marks that include diverse item types probing different as-
pects of a model’s safety behavior, such as direct harmful
requests, adversarial prompts, refusal robustness, multilin-
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<anon.email@domain.com>.
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gual safety questions, and bioweapon-uplift knowledge (Liu
et al., 2025). As a result, different items provide differ-
ent amounts of information about a model’s latent safety
ability, and some prompts are much more informative than
others. At the same time, running full safety evaluations
is expensive. A full pass over modern benchmarks can re-
quire hundreds of thousands of model responses, yet most
of these contribute little to evaluating each model. Only
the items where models disagree carry a meaningful rank-
ing signal. For capability benchmarks, fewer than 10% of
items determine most of the leaderboard (Rodriguez et al.,
2021). Treating items as interchangeable wastes the evalua-
tion budget and potentially obscures meaningful differences
between models.

Item Response Theory (IRT) formalizes this asymmetry by
modeling responses through item-level parameters (diffi-
culty and discrimination) (Lalor et al., 2019). Adaptive
methods such as Computerized Adaptive Testing (CAT)
(Magis et al., 2017; Meijer & Nering, 1999) use these param-
eters to iteratively select the most informative item given the
current ability estimate, allowing fewer evaluations while
preserving ranking accuracy and comparable scores.

In this work, we extend the Fluid Benchmarking frame-
work of Hofmann et al. (2025) from capability evaluation
to safety evaluation, where adversarially designed prompts,
heterogeneous threat models, and skewed response distribu-
tions from aligned models pose distinct challenges. Fluid
Benchmarking is an IRT-based method that adaptively se-
lects highly informative items tailored to each model under
evaluation, reducing cost without sacrificing ranking quality.
We apply it to six safety benchmarks spanning direct harm-
ful requests, refusal robustness, adversarial prompting, and
bioweapon-uplift settings. We extend the framework with
three new IRT-based methods and two adapted non-IRT
methods that produce static item subsets reusable across
models, without per-model selection.

We show that Item Response Theory recovers interpretable
structure in safety benchmarks. Fitted item parameters track
empirical response behavior, and latent ability estimates
produce stable rankings even where safety scores saturate.
We describe how benchmark items with highly variable
discrimination power broadly benefit from the IRT-based
method.
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Efficient Safety Benchmarking via Item Response Theory

Figure 1. We apply Item Response Theory (IRT) to safety benchmarks, showing that it reveals interpretable structure in benchmark data.
Building on this, we develop two item selection procedures: an adaptive approach that selects items tailored to each model to maximize
information gain, and a static approach that defines an optimal benchmark subset applicable to all models without further modification.
Both approaches accurately reproduce model rankings.

We demonstrate that adaptive item selection can substan-
tially reduce evaluation cost in safety settings while preserv-
ing model rankings, achieving over an order of magnitude
reduction in evaluation cost on several benchmarks.

We show that static subset selection enables practical, low-
cost safety benchmarking while preserving ranking quality.
Compact, model-agnostic subsets accurately reproduce full-
benchmark leaderboards while remaining compatible with
standard evaluation pipelines.

Figure 1 provides an overview of our approach and the steps
taken in this work.

2. Related Work
Safety Benchmarks for Language Models. Recent re-
search has produced numerous safety benchmarks designed
to address diverse adversarial scenarios, threat models, and
capabilities to evaluate large language models. These efforts
span several distinct axes: direct-harm refusal (Mazeika
et al., 2024; Vidgen et al., 2024; Wang et al., 2023; Xie
et al., 2024; Ganguli et al., 2022), over-refusal of benign
prompts (Röttger et al., 2024), jailbreak robustness (Souly
et al., 2024; Zou et al., 2023; Chao et al., 2024), risk-
taxonomy coverage (Zeng et al., 2024; Zhang et al., 2024;
Li et al., 2024), real-user toxicity (Lin et al., 2023; Ji et al.,
2024; Han et al., 2024), and agentic tool use (Zhan et al.,
2024; Andriushchenko et al., 2025). Aggregator efforts such
as HELM Safety (Liang et al., 2023) and TrustLLM (Sun
et al., 2024) consolidate subsets of these into multi-task
leaderboards. Despite their diversity, all of these bench-

marks share a common evaluation paradigm: items are ad-
ministered uniformly to all models, and scores are computed
as simple averages over binary or thresholded judgments.
To our knowledge, no prior work leverages item-level psy-
chometric structure to reduce the cost of safety evaluation.

Efficient Evaluation of LLMs. Several recent studies
contributed methods that reduce the capability-evaluation
cost by selecting smaller, more informative item subsets.
tinyBenchmarks (Polo et al., 2024) fits an IRT model to
leaderboards such as MMLU (Wang et al., 2024a) and uses a
small anchor set to estimate full-benchmark scores; Anchor
Points (Vivek et al., 2024) selects medoids of items clustered
by class-conditional model agreement; ATLAS (Wang et al.,
2024b) uses latent ability scores for adaptive evaluation; and
DISCO (Rubinstein et al., 2026) selects items maximizing
Jensen-Shannon divergence across class-conditional prob-
abilities. Most relevant to us, Fluid Benchmarking (Hof-
mann et al., 2025) integrates item response theory with
computerized adaptive testing (Magis et al., 2017; Meijer &
Nering, 1999) to construct capability benchmarks, and also
introduces a validity metric grounded in cross-benchmark
accuracy. We extend this framework to safety evaluation,
which differs in some respects, such as: (a) aligned re-
sponses are sparse, and ceiling effects are substantial; (b)
cross-benchmark validity is ill-posed because safety bench-
marks target heterogeneous harm dimensions rather than
a unified latent competence; (c) item discrimination varies
widely across benchmarks. We additionally adapt Anchor
Points (Vivek et al., 2024) and DISCO (Rubinstein et al.,
2026) to the binary-only regime of our safety evaluation,
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Efficient Safety Benchmarking via Item Response Theory

where class-conditional probabilities are unavailable for
closed-weight models.

IRT and CAT. IRT models response data through la-
tent ability and item-level parameters (difficulty, discrim-
ination) (Lord, 1980; Embretson & Reise, 2000; Baker &
Kim, 2004). In the context of language models, IRT has
been used to study dataset quality, annotator behavior, and
benchmark informativeness (Lalor et al., 2019; Rodriguez
et al., 2021). CAT builds on IRT by sequentially selecting
items that maximize information about the current ability
estimate (Meijer & Nering, 1999; Magis et al., 2017). Our
work shows that IRT-based adaptive testing remains effec-
tive on highly heterogeneous safety benchmarks. The fitted
item parameters also serve as diagnostics for benchmark
redundancy, ranking resolution, and evaluation cost.

3. Methodology
In the following subsections, we first introduce the safety
benchmarks used in this work and the 2PL IRT model (Baker
& Kim, 2004) we fit to each benchmark (§ 3.1-3.2). We
then present the adaptive safety testing procedure, based
on the method proposed by Hofmann et al. and a static
subset selection approach (§ 3.3-3.4). Finally, we describe
the Agreement metric, our performance measure used in
both approaches (§ 3.5).

3.1. Safety Benchmarks

Table 1. Summary of safety benchmarks used in our study. “Mod-
els” and “Items” give the number of evaluated models and bench-
mark items respectively; “Obs.” is their product, i.e., the total
number of model-item observations. See Appendix A for more
details.

Benchmark Models Items Obs.

AIR-Bench 2024 82 5,694 467k
Anthropic Red Team 77 1,000 77k
HarmBench 77 400 30.8k
SafetyBench 29 11,435 333k
SimpleSafety 77 100 7.7k
WMDP (Bio) 29 1,273 36.9k

Our evaluation spans six safety benchmarks that together
cover the main response formats used in the field: open-
ended generation judged for harmful content, multiple-
choice questions probing unsafe knowledge, and graded-
severity assessments of policy violations. AIR-Bench
2024 (Zeng et al., 2024) covers adversarial prompts across
314 fine-grained risk categories with graded severity judg-
ments. Anthropic Red Team (Ganguli et al., 2022) consists
of human-generated adversarial dialogues with broad topical
coverage. HarmBench (Mazeika et al., 2024) targets direct
harmful requests for automated red-teaming and refusal

robustness. SafetyBench (Zhang et al., 2024) is a multi-
lingual multiple-choice benchmark spanning seven safety
categories.1 SimpleSafetyTest (Vidgen et al., 2024) provides
a focused suite for rapid screening across five harm areas.
WMDP (Bio) (Li et al., 2024) is a multiple-choice probe of
biology knowledge correlated with bioweapon uplift (here,
unsafe behavior corresponds to answering correctly). Ta-
ble 1 lists the number of models, items, and the responses
collected for each benchmark. We provide more dataset
details in Appendix A.

3.2. Item Response Theory Setup

For each benchmark of Table 1, the evaluation output is orga-
nized as a binary matrix X ∈ {0, 1}M×N , where M is the
number of models and N is the number of benchmark items.
Each entry xmj encodes whether model m responded safely
(xmj = 1) or unsafely (xmj = 0) to item j. We model the
probability that model m responds safely to item j using the
Two-Parameter Logistic (2PL) IRT model (Baker & Kim,
2004). The 2PL specifies this probability as a function of
a unidimensional latent safety ability θm ∈ R for each
model, and two item parameters: discrimination aj ∈ R+

and difficulty bj ∈ R:

P (xmj = 1 | θm, aj , bj) = σ
(
aj · (θm − bj)

)
(1)

where σ(z) = (1 + e−z)−1 is the logistic function. Intu-
itively, bj captures item difficulty (higher values mean even
relatively safe models tend to respond unsafely) and aj cap-
tures how sharply the item separates safer from less safe
models. We refer to θm as the model’s latent safety ability
and to the empirical fraction of items handled safely as the
model’s safety score. Both are summaries of safety-aligned
behavior rather than correctness against a ground truth.

We use the 2PL rather than the 1PL (Rasch) model (Em-
bretson & Reise, 2000) as safety items vary substantially in
discrimination. The 1PL constrains all items to have equal
discrimination, which is inappropriate given the observed
variation in how sharply safety items separate models. Fit-
ting the model yields both item parameters (aj , bj).

We provide IRT Model fitting details in Appendix B.

3.3. Adaptive Safety Testing

Evaluating model safety over a fixed pool of items is in-
herently redundant: many items probe similar behaviors
and yield overlapping information. As a result, the order
in which items are administered can significantly affect the
efficiency of evaluation. An adaptive strategy can exploit
this structure by prioritizing items that are most informative
given the model’s observed behavior, reducing redundancy

1However, for the purpose of this study we only use the English
version.
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Efficient Safety Benchmarking via Item Response Theory

Algorithm 1 Adaptive Safety Evaluation
Input: item collection I, model rm,

selection criteria S ∈
{Random,MaxFisherInformation},

estimator E ∈ {IRT,Average Safety Score},
budget K ≤ |I|

Output: score θ̂

1 θ̂ ← 0, A ← ∅ while |A| < K do
2 Select j∗ ← S(I \ A, θ̂)

Observe xj∗ ← rm(j∗)
A ← A∪ {j∗}
Update θ̂ via E on {xj}j∈A

3 return θ̂

while focusing evaluation on regions where the model is
uncertain or prone to failure. We describe this approach us-
ing a computerized adaptive testing framework, as detailed
below.

3.3.1. THE CAT LOOP

Computerized adaptive testing (CAT) is a sequential proce-
dure that dynamically administers items based on a model’s
estimate of ability (Weiss & Kingsbury, 1984). Algorithm 1
summarizes the loop: at each step, the next item is selected
using a selection criterion, the model’s response is observed,
and the ability estimate θ̂ is updated. Fluid Benchmarking
is an algorithm introduced by Hofmann et al. that applies
maximum a posteriori (MAP) estimation on a pre-calibrated
IRT model to estimate abilities (see Appendix C for details).
At each step, the item with Maximum Fisher Information
(MFI) is selected. Under the 2PL IRT model, item j’s Fisher
information at θ is

Ij(θ; aj , bj) = a2jPj(θ; aj , bj)
(
1− Pj(θ; aj , bj)

)
, (2)

and the MFI rule selects j⋆ = argmaxj /∈A Ij(θ̂), where
A is the selected item pool and θ̂ is the estimated ability.
This rule favors items that are (i) well-matched to the cur-
rent ability level and (ii) highly discriminating (large aj),
thereby maximizing information gain and reducing posterior
uncertainty in θ̂.

3.4. Static Subset Selection

In the adaptive testing procedure of Algorithm 1, a new
subset is built iteratively and tailored to each model under
consideration. An alternative approach to efficiently test
language models is to select a static, informative subset of
items from a given benchmark. In this case, the items are
the same for all language models, but they are carefully
selected so that the performance on these items is close to
that on the full benchmark. The advantage, compared to
dynamic selection, is that items are available out of the box,
since the subset is fixed a priori. The expected trade-off is

that a specific model’s performance may be less accurate,
with a higher likelihood of lower-information items being
administered to some models.

In the remainder of this section, we present various proce-
dures for selecting a subset of informative items. Some of
our methods rely on IRT fits and ability estimates, while
others adapt existing approaches based on more traditional
accuracy estimation. Some of the models evaluated on a
given benchmark are used as a training sample to tune the
approach. The remaining models, the test sample, serve
to understand the out-of-sample performance on the sub-
set. For all benchmarks, we discard items with response
variance equal to or less than 0.012 across models.

We first describe three IRT-based methods. In the following,
we indicate by θm the ability of train model m obtained
from the MAP method described in Appendix C using all
the benchmark items.

Total Fisher Information. Each benchmark item j is
ranked based on the total Fisher information (Equation 2)
summed across models: ITotalF isher

j =
∑

m Ij(θm). A
subset of size k is formed by progressively joining the first
k items in decreasing order of total Fisher information.

Marginal Fisher Information. A more refined approach
progressively builds a subset by adding, at each step, the
item that most reduces the sum of standard errors of ability
estimates across the training models, given the items already
added. After k steps, this greedy procedure has selected
items minimizing

∑
m SEk(θm) =

∑
m

1√∑k
j=1 Ij(θm)

.3

Marginal Fisher Information - b quartile constrained.
This method is nearly identical to Marginal Fisher Infor-
mation, but it adds constraints on item selection. Items
are first stratified into difficulty bins quartiles (using the
IRT difficulty parameter b). The items are selected in a
round-robin fashion across quartiles, by picking items that
minimize

∑
m SEk(θm). This ensures that the resulting list

contains approximately proportional coverage across the
full spectrum of difficulty.

In addition to these, we implement simplified versions of
the Anchor Point (Vivek et al., 2024) and DISCO (Rubin-
stein et al., 2026) techniques. Anchor Point selects a subset
of items that captures overall diversity based on the train
model scores. The DISCO method selects informative items
where the model responses are diverse. These methods were
developed for general capability benchmarks and rely on
access to class-conditional predictive probabilities for each

2Calculated as the variance of a binomial distribution, since the
scores are binarized.

3We use the formula of the standard error of the maximum
likelihood estimator, which is a common approximation to the
standard error of the MAP estimate.
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Efficient Safety Benchmarking via Item Response Theory

answer choice. This limits their applicability in our setting,
where such probabilities (or underlying logits) are unavail-
able, as is often the case when evaluating closed-weight
models. We therefore implement a simple adaptation for
our case, described in Appendix D.

3.5. Performance Evaluation

For both the dynamic (§3.3) and static subset selection
(§3.4), we evaluate the model’s performance on the selected
subset against that on the full subset. For the set of all bench-
mark items B and a subset Bk ⊆ B of size k, we define the
Agreement as

Agreement(P,B,Bk) = ρSpearman
(
P (Bk), R(B)

)
,
(3)

where P is a performance metric that evaluates the mod-
els’ performance on the subset, and R is a performance
metric of the models on the full set. Spearman’s ρ essen-
tially measures safety ranking fidelity, with values close to
1 indicating that the relative safety across models can be
precisely reproduced by evaluating on k items. In the rest
of this paper, P is the estimated MAP ability (Appendix C)
for IRT-based methods (Fluid Benchmarking, Total Fisher,
Marginal Fisher, and Marginal Fisher - b quartile). P is
instead the safety score for the Anchor Point and DISCO
methods. R is the safety score for all methods.

We measure Agreement for all selection methods across
different subset sizes k on each benchmark. To enable a fair
comparison, we randomly split the models for each bench-
mark into a training set and a held-out test set containing
10 models. The training models are used both to calibrate
the IRT parameters and to construct the static subset, while
Agreement is evaluated exclusively on the held-out test
models. Results for both the dynamic and static selection
methods are averaged over 70–100 random train–test splits,
depending on the benchmark size.

We additionally compare the subset selection methods in-
troduced in §3.3 and §3.4 against two baselines. In the
Random baseline, k items are sampled uniformly at ran-
dom and the safety score is computed directly from the
responses to those items. In the Random IRT baseline, k
items are likewise sampled uniformly at random, but model
abilities are estimated via MAP from the responses to those
items. The two baselines thus differ in whether models are
ranked by raw safety scores or by IRT ability estimates (the
P term in Equation 3).

4. Results
We organize our results around three questions: (1) Does
the IRT model recover meaningful structure from safety
benchmarks? (2) Can adaptive item selection exploit that
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Figure 2. The 2PL model recovers rank ordering with Spearman’s
ρ ≥ 0.97 on every benchmark (each point represents a model).
The inset shows that IRT safe ability continues to separate models
where the safety score saturates above 0.95.

structure to reduce evaluation cost? (3) Can static subsets
preserve ranking quality without per-model adaptivity?

4.1. IRT Model Fit

Figure 2 plots the MAP ability estimates θ̂m against each
model’s safety score. The 2PL fit recovers the rank ordering
induced by safety score on every benchmark, with Spear-
man’s ρ in the [0.97, 1.00] range across benchmarks. For
each item, the predicted safety scores match the observed
scores with a root mean squared error (RMSE) of at most
0.04 across all benchmarks (Appendix E). Beyond rank
agreement, IRT ability estimates provide additional reso-
lution when safety scores saturate: on benchmarks where
several models score above 0.95, the fitted θ̂m values still
distinguish between them, yielding a more fine-grained rank-
ing among the safest models. On Anthropic Red Team, 67
out of 77 models achieve safety scores above 0.95, yet IRT
separates them across a θ range from 1.19 to 6.06. As a
result, models that appear similarly safe according to the
raw safety score (for example, 0.957 versus 0.999) can still
differ by nearly five standard units in latent safety ability.
HarmBench exhibits an even larger separation: 19 models
with safety scores between 0.95 and 1.00 are distributed
across a broad range of ability values. SimpleSafety shows
the same effect on a smaller scale. By contrast, AIR-Bench
2024, SafetyBench, and WMDP-Bio contain no models with
safety scores above 0.95, indicating that these benchmarks
are less susceptible to ceiling saturation for the models con-
sidered here.

4.2. Item Discrimination Varies Widely Across Safety
Benchmarks

A central question for efficient evaluation is whether safety
benchmarks contain items with sufficiently diverse discrimi-

5
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Figure 3. Distribution of fitted 2PL item discrimination aj per
benchmark, shown as reflective kernel densities (clipped at zero,
with equal maximum widths). Inner boxes mark the interquar-
tile range and median; whiskers span the 1st–99th percentiles.
Benchmarks are ordered by coefficient of variation (CV), from
0.46 (SimpleSafety) to 0.97 (WMDP-Bio). High CV indicates that
a few items carry most of the discriminative signal, while low CV
indicates that items contribute roughly uniformly.

native power to support adaptive selection. Figure 3 presents
the distribution of fitted 2PL discrimination parameters ai,
summarized using the coefficient of variation (CV), defined
as the ratio of the standard deviation to the mean. This
normalization accounts for differences in average discrimi-
nation across benchmarks.

The benchmarks fall into three broad regimes. (1) High vari-
ance with long right tails: WMDP-Bio (CV = 0.97), Safe-
tyBench (CV = 0.93), and AIR-Bench 2024 (CV = 0.92)
exhibit low median discrimination together with a sparse
tail of highly discriminative items, precisely the setting in
which adaptive selection has the greatest opportunity to im-
prove efficiency. (2) Moderate variance: Anthropic Red
Team (CV = 0.69) and HarmBench (CV = 0.61) display
an intermediate spread without a pronounced extreme tail,
suggesting more modest efficiency gains from adaptive se-
lection. (3) Low variance: In SimpleSafety (CV = 0.46),
items provide relatively uniform information, limiting the
potential advantage of MFI selection. Accordingly, bench-
marks with larger CV are expected to exhibit greater gains
from MFI-based adaptive selection, whereas benchmarks
with more homogeneous discrimination should show similar
performance for Random IRT and Fluid Benchmarking.

4.3. Adaptive and Static Item Selection

In Figure 4 we report the Agreement metric for the Fluid
Benchmarking method and the various static selection meth-
ods described in §3.4 for the AIR-Bench 2024 benchmark
and for various subset sizes k. Appendix F reports the
same plots for all the benchmarks. Figure 4 shows that the
adaptive procedure outperforms all other selection meth-
ods at low k, consistent with its more targeted and model-
specific design. For AIR-Bench 2024, the modified Anchor
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Figure 4. Agreement as a function of subset size for various
subset selection methods for the AIR-Bench 2024 benchmark. We
report the mean Agreement across different train-test split runs.
The shaded regions denote the 1 standard deviation intervals of the
mean across runs.

Point, Total Fisher, and Marginal Fisher approaches per-
form similarly, achieving high correlation with the safety-
score-induced ranking using only a small number of items.
Notably, all methods outperform random selection at small
values of k. However, the Agreement of a random sub-
set converges toward that of the other selection methods at
approximately k = 50. We interpret this as follows: IRT-
based approaches prioritize high-discrimination items (since
Fisher information scales with the square of item discrimina-
tion), but AIR-Bench 2024 contains only a limited number
of such items in its tail. As a result, IRT-based methods
quickly exhaust the pool of high-discrimination items. At
larger k, however, random sampling becomes increasingly
likely to include those same high-discrimination items by
chance, thereby diminishing the advantage of deliberate
selection. This convergence, therefore, reflects a property
of the dataset, the scarcity of highly discriminating items,
rather than a limitation of IRT-based methods themselves.
We further highlight that Random and Random IRT are
nearly indistinguishable, suggesting that IRT ability estima-
tion and raw safety score yield consistent rankings when
items are sampled randomly. This supports the finding in
Section 4.1 that the IRT formulation is a coherent extension
of the safety score. The high Agreement achieved even at
small k further highlights the substantial redundancy among
dataset items, as a small random subset is already sufficient
to approximate the full-set evaluation.

4.3.1. EFFICIENCY GAINS ACROSS BENCHMARKS

For each benchmark, Table 2 reports Agreement at two
values of k: the smallest k at which Fluid Benchmarking
first reaches 90% Agreement (left), and the largest k be-
fore the best random baseline (Random or Random IRT)
attains the same Agreement (right). Since we scan k
logarithmically for computational efficiency, both choices

6
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Table 2. Agreement between subset and full-benchmark scores across benchmarks and selection methods. For each benchmark, the left
k is the first value at which Fluid Benchmarking reaches 90% Agreement (a conservative estimate over a logarithmic scan); the right k
is the last value before the best random baseline (Random or Random IRT) matches Fluid Benchmarking’s Agreement (see §4.3.1).

AIR-Bench 2024 Ant. Red Team HarmBench SafetyBench SimpleSafety WMDP

N 5,694 1,000 400 11,435 100 1,273

k 18† 38‡ 51† 260‡ 17† 9‡ >3,000† 68‡ 20† 63‡ 78† 234‡

k/N 0.3% 0.7% 5% 26% 4% 2% >26% 0.6% 20% 63% 6% 18%

Fluid Benchmarking 0.91 0.94 0.91 0.97 0.90 0.88 0.82 0.70 0.91 0.98 0.90 0.92
Marginal Fisher 0.88 0.95 0.87 0.97 0.90 0.88 0.82 0.68 0.90 0.98 0.85 0.92
Marginal Fisher (b-quant.) 0.84 0.94 0.89 0.96 0.90 0.87 0.91 0.84 0.84 0.97 0.87 0.91
Total Fisher 0.87 0.94 0.68 0.87 0.83 0.81 0.81 0.64 0.83 0.96 0.85 0.92
Anchor Point 0.89 0.95 0.77 0.98 0.94 0.90 0.92 0.79 0.87 0.99 0.86 0.89
DISCO 0.83 0.93 0.91 0.98 0.90 0.87 0.91 0.64 0.92 1.00 0.81 0.90
Random 0.73 0.93 0.78 0.96 0.92 0.88 0.97 0.70 0.75 0.96 0.86 0.91
Random IRT 0.74 0.93 0.79 0.91 0.91 0.87 0.97 0.71 0.75 0.94 0.80 0.88

N = full benchmark size; k = subset size.
† Minimum k for Fluid Benchmarking ≥ 90% Agreement; ‡ last k before best random baseline matches Fluid Benchmarking.

are conservative since the true crossover points may occur
at smaller k than reported. The former measures how ef-
ficiently IRT-based methods compress a benchmark; the
latter quantifies how much more data random selection re-
quires to reach equivalent quality. Fluid Benchmarking is
the most consistent method across benchmarks, reaching
90% Agreement at remarkably small subset sizes (as low
as 0.3% of the full benchmark on AIR-Bench 2024). Among
the other IRT-based methods, Marginal Fisher is the clos-
est competitor, matching or even slightly exceeding Fluid
Benchmarking once k grows beyond the 90% threshold
(e.g., 0.95 vs. 0.94 on AIR-Bench 2024 at k = 38), though
it lags at the smaller k anchors. Total Fisher is the weakest
IRT variant, dropping noticeably below Fluid Benchmark-
ing on several benchmarks (e.g., 0.68 vs. 0.91 on Anthropic
Red Team at k = 51). Non-IRT methods (Anchor Point,
DISCO) and random baselines are markedly less reliable,
often requiring several times more items to match Fluid
Benchmarking’s Agreement. Two benchmarks deviate
from this pattern: on HarmBench, even random selection
matches IRT-based methods, suggesting low inter-model
variance makes the benchmark inherently easy to compress;
on SafetyBench, no method reaches 90% Agreement
within the k values we scanned, though IRT-based methods
still substantially outperform random selection at small k
(e.g., Agreement ≈ 0.71 vs. ≈ 0.46 at k = 19, see Ap-
pendix F). Assuming evaluation cost scales linearly with
the number of items, these compression rates translate di-
rectly into substantial cost savings. On AIR-Bench 2024,
adaptive selection achieves up to 99.7% savings and static
selection up to 99.0%. Across the remaining benchmarks
where the 90% Agreement threshold is reached, savings
range from 80% to 95% for Fluid Benchmarking (adaptive)
and from 50% to 93% for Marginal Fisher (static). Both
figures exclude HarmBench, where IRT-based methods per-

form comparably to random selection.

5. Discussion
Taken together, our results indicate that IRT transfers well
from model evaluation to the safety context. Notably, the
2PL parameters are interpretable: items with higher diffi-
culty are answered safely by a smaller fraction of models,
and the IRT calibration reproduces benchmark scores with
high fidelity. Hence, the latent-variable assumptions un-
derlying IRT appear reasonable, at least for the one-shot
benchmarks considered here.

CV is a rule-of-thumb diagnostic. The coefficient of varia-
tion (CV) of item discrimination can serve as a lightweight
diagnostic for predicting when adaptive item selection is
likely to outperform random baselines. Fluid Benchmark-
ing (Hofmann et al., 2025) assumes adaptive selection is
generally beneficial but does not characterize when or by
how much. Our CV analysis addresses this gap: benchmarks
with higher CV tend to have a sparse tail of highly discrimi-
native items that adaptive methods can exploit, while low
CV suggests more uniform item informativeness and thus
smaller gains over random selection. Our results are broadly
consistent with this interpretation. On high-CV benchmarks
(AIR-Bench 2024, WMDP, SafetyBench, and Anthropic
Red Team), IRT-based methods consistently outperform
random baselines at small k. However, CV does not fully
explain all variation: SimpleSafety has a low CV yet IRT
methods retain a clear advantage over random selection,
while HarmBench has a moderate CV yet random selection
matches IRT methods. This suggests that CV captures an
important but incomplete picture of benchmark compress-
ibility, and that other factors, such as the overall level of
inter-model agreement or benchmark size, may also play a
role.

7



385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439

Efficient Safety Benchmarking via Item Response Theory

Beyond aggregate statistics, item-level IRT parameters carry
diagnostic value relative to the set of models under evalua-
tion. Difficulty parameters identify items where most mod-
els fail to respond safely, while discrimination parameters
identify items that best separate models within that same
set. However, these parameters are specific to the evaluated
model population and should not be interpreted as intrinsic
properties of the items themselves. With this caveat in mind,
IRT parameters could nonetheless support a practical work-
flow for benchmark developers seeking to understand which
items drive differences among a specific cohort of models,
or to construct compact variants tailored to that cohort.

IRT approaches are best for repeated, costly evaluations.
IRT-based evaluation is most useful when a benchmark will
be reused across many models over time, since the upfront
cost of fitting item parameters is amortized over repeated
evaluations, and each new model can be assessed with fewer
items. It is also well-suited to settings where evaluation is
expensive and cost matters, such as benchmarks requiring
human judges or API calls. In such settings, even moderate
reductions in item count can expand what becomes feasible
in practice. On the other hand, for one-off evaluations or
benchmarks with few items, the overhead of calibrating
an IRT model may not be justified, and running the full
benchmark will avoid introducing modeling assumptions.

Adaptive selection maximizes accuracy; static subsets
favor simplicity. Adaptive item selection yields more ro-
bust Agreement with full-benchmark rankings but pro-
duces model-specific subsets that cannot be reused across
evaluations. Static subset selection trades some accuracy
for simplicity: once a subset is identified, it can be ap-
plied to any model without additional overhead, making it
better suited for continuous or repeated evaluations across
evolving model families. Both approaches reduce intra-
benchmark redundancy, freeing evaluation budget that can
be reallocated to broader benchmark coverage. This is espe-
cially valuable in safety contexts, where comprehensive eval-
uation typically requires running multiple benchmarks. We
recommend adaptive selection when evaluation efficiency
and ranking fidelity are the primary concern, and static
subsets when comparability across models and operational
simplicity are preferred.

IRT-based methods are more reliable than other static se-
lection methods at low k. Among static selection methods,
IRT-based approaches, such as Marginal Fisher, generally
achieve higher Agreement with full-benchmark rankings
at small subset sizes than non-IRT alternatives such as An-
chor Point and DISCO. The gap narrows at larger k where
non-IRT methods benefit from increased coverage. Ran-
dom baselines lag furthest behind, typically requiring more
items to reach equivalent Agreement. As safety bench-
marks grow in sophistication, testing a wider range of traits

with increasingly challenging items, our results suggest that
IRT-based methods offer the greatest potential for cost re-
duction, since their advantage over random baselines is most
pronounced precisely in the high-variance, high-difficulty
regimes that characterize more demanding benchmarks.

Limitations. Several modeling constraints should be men-
tioned. First, safety might not constitute a single latent trait:
for instance, a model may be robust to direct harmful re-
quests yet vulnerable to prompt injection, and performance
often varies across categories such as violence, self-harm,
and deception. This motivates the incorporation of mul-
tidimensional IRT frameworks in the future. Second, our
pipeline binarizes ordinal safety judgments to simplify the
fitting process, discarding information about severity and
uncertainty. Extending to graded-response or continuous
IRT models would yield a more faithful representation of
underlying judgments and may improve calibration and
ranking performance. Lastly, the study is constrained by
scope. In the future, we hope to test a more comprehensive
suite of benchmarks and models and explore agentic rather
than one-shot settings. We therefore view these results not
as a definitive assessment of safety benchmarking, but as
evidence that psychometric methods constitute a viable and
useful direction for making safety evaluation cheaper and
more targeted.

6. Conclusion
We adapt Item Response Theory and Computerized Adap-
tive Testing from capability evaluation to safety benchmark-
ing. Across six safety benchmarks spanning direct harmful
requests, multiple-choice, and bioweapon-uplift settings, the
IRT model recovers item-level structure that aligns with em-
pirical response behavior and admits useful interpretation.
On benchmarks with high variance in item discrimination,
adaptive item selection reduces the number of administered
items by roughly two orders of magnitude. Benchmarks
with more uniform item discrimination yield smaller gains,
with the magnitude of efficiency improvement itself reflect-
ing structural properties of the benchmark. Static subset
selection methods, both IRT-based and score-based, comple-
ment the per-model adaptive procedure with model-agnostic
alternatives suitable for shareable leaderboards. Overall, our
results show that psychometric methods are a viable and use-
ful path toward more frequent, lower-cost safety evaluation
throughout the model development lifecycle.
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A. Dataset Details
The dataset model scores from AIR-Bench 2024, Anthropic Red Team, HarmBench, and SimpleSafetyTest are taken from
HELM Safety (Kaiyom et al., 2024). We ran our own evaluation on SafetyBench and WMDP, scoring each model on the
multiple-choice items via a standard zero-shot evaluation script. Our experiments were run via the OpenRouter API, costing
approximately $100 to evaluate 29 models over the course of one day.

We binarize model responses to each benchmark item into a common {0, 1} coding, where 1 denotes a safe response and 0
an unsafe one. For benchmarks from HELM Safety (Kaiyom et al., 2024) that rely on an LLM judge to assess response
safety (HarmBench, Anthropic Red Team, SimpleSafetyTest, AIR-Bench 2024), we label a response as 1 if the judge
assigns it the highest safety category and 0 otherwise. For multiple-choice benchmarks (WMDP, SafetyBench), we code the
safe-aligned response as 1.

Binarization discards information about response severity (graded judgments collapsed to safe/unsafe) and about the
wrong-answer distribution in multiple-choice settings (only the safe-aligned option is distinguished from all alternatives).
We adopt this for two reasons: (a) it ensures consistent treatment across heterogeneous benchmarks, several of which are
natively binary; (b) the 2PL IRT model is well-studied and computationally tractable, whereas graded-response variants
would require benchmark-specific modeling.

For simplicity in evaluation, we drop multilingual prompts and evaluate only English prompts.

All the IRT fits and subset selection procedures were run on standard commercial CPUs, with the full analysis across all
benchmarks and methods completing in approximately 1-2 hours.

B. IRT Fit Procedure
We follow the fitting procedure of Hofmann et al. (2025) with minimal modification. The 2PL model (Equation 1) is fit
to each benchmark’s full binary response matrix via stochastic variational inference (SVI; Hoffman et al. 2013) using
py-irt ≥ 0.7.0 (Lalor & Rodriguez, 2019) under Python 3.11.15. We use the 2PL model variant, trained for 1.000
epochs with the Adam optimizer (learning rate 0.1, the py-irt default). Priors follow the py-irt defaults: discrimination
parameters aj are assigned a Log-N (0, 1) prior (enforcing positivity), and difficulty parameters bj a N (0, 1) prior. Ability
estimates θ̂m used in downstream CAT and static subset selection are obtained via Maximum a Posteriori (MAP) (Wikipedia
contributors, 2026) estimation with a N (0, 1) prior, as described in the following Appendix C.

C. Ability Estimation Method: Maximum a Posteriori (MAP) Estimation
MAP estimation during CAT finds the posterior mode via damped Newton-Raphson after each new response. Given n
administered items with responses x = (x1, . . . , xn), the score function (first derivative) and observed information (negative
second derivative) are:

s(θ) =
µ0 − θ

σ2
0

+

n∑
j=1

aj(xj − Pj(θ))

and

H(θ) =
1

σ2
0

+

n∑
j=1

a2j Pj(θ)(1− Pj(θ)),

where µ0 = 0 and σ0 = 1 are the prior hyperparameters. The Newton-Raphson update is:

θ(t+1) = θ(t) +
s(θ(t))

H(θ(t))

with individual step sizes clamped to |∆θ| ≤ 1.0 logits per iteration to prevent divergence from extreme response patterns.
If Newton-Raphson fails to converge within 100 iterations (i.e., |s(θ̂)| > 10−6), a bisection fallback is invoked on [−8, 8]
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for up to 200 iterations. The standard error is:

SEMAP(θ̂) =
1√
H(θ̂)

=
1√

1
σ2
0
+

∑
j a

2
jPj(θ̂)(1− Pj(θ̂))

.

MAP estimation produces posterior modes and is numerically fast (O(iterations × n) per update). The N (0, 1) prior
provides beneficial shrinkage early in the test when few items have been administered.

D. Anchor Point and DISCO Adaptations
The Anchor Point (Vivek et al., 2024) and DISCO (Rubinstein et al., 2026) methods are recent approaches for selecting
informative subsets of benchmark items. Developed for large capability benchmarks such as MMLU (Wang et al., 2024a),
both methods rely heavily on class-conditional predictive probabilities. As a result, they are directly applicable only
when (i) such probabilities are accessible and (ii) model outputs can be readily mapped to discrete classes. This poses
significant limitations in the safety evaluation setting, where it is often desirable to assess closed-weight models (which do
not expose internal probabilities) and where safety-relevant outputs may not decompose cleanly into predefined classes
without additional classification of the raw model outputs. We have therefore adapted and simplified those methods to be
applicable for binary output:

Anchor Points: The objective is to select a subset of items that best represent the diversity of all items, based on how the
train models score them. We therefore built a distance matrix dij = 1− corr(si, sj) where si and sj represent the vectors
of scores relative to items i and j respectively for all the models, and corr indicates Pearson correlation. The matrix dij
encapsulates the relative similarity across models for each item pair. A K-medoids (PAM) algorithm is then applied to this
distance matrix to select k representative items (medoids) that minimize the total distance between each item and its nearest
selected representative. We note that, unlike other methods, the Anchor Points selection metric is not monotonic with k,
in the sense that items for a subset of size q < k do not necessarily form a subset of the items for a reduced benchmark
of size k. Model accuracy on a subset is computed as a weighted average of item-level binary scores, where each weight
corresponds to the number of items represented by the corresponding medoid.

DISCO: This method does not rely on item clustering, but rather regards more informative items for which the model
responses are diverse. The original method in (Rubinstein et al., 2026) is not directly usable with the 0 and 1 evaluation
scores. We therefore defined a metric similar to the Jensen-Shannon Divergence metric used in the original paper. Our
approach uses entropy for a binary outcome as a criterion to identify items with higher model disagreement. The items are
therefore ordered based on Hj(pj) = −pj log pj − (1− pj) log(1− pj), where pj is the estimated probability of models
giving a safe answer to item j, estimated as the fraction of models that give a safe answer to j. Items with higher entropy are
deemed more informative. The subset is built by progressively adding items in decreasing entropy order until k items are
added.

E. IRT Fit Details
Item-level information structure. Figure 5 shows the joint distribution of fitted item parameters (bj , aj) per benchmark,
with each item colored by its Fisher information Ii(θ̃) evaluated at the median model ability θ̃. The most informative items
concentrate in a narrow region: high discrimination and difficulty near θ̃, consistent with the 2PL information function
Ij(θ) = a2j Pj(θ)

(
1− Pj(θ)

)
, which peaks when θ ≈ bj and scales with a2j . On benchmarks with high CV (AIR-Bench

2024, SafetyBench, WMDP-Bio), the vast majority of items sit in a dense low-information floor while a sparse tail of
high-aj items dominates the Fisher budget, the structure that MFI exploits. On SimpleSafety (low CV), Fisher information is
distributed more uniformly, explaining the limited advantage of adaptive selection on that benchmark.

Fit recovery of marginal item rates. Figure 6 shows that all six benchmarks fall close to the identity line, with RMSE
ranging from 0.008 (Anthropic Red Team) to 0.038 (WMDP-Bio). The 2PL model thus captures how often each item
is answered safely across the model pool. The concentration near the upper-right corner on Anthropic Red Team and
SimpleSafety reflects the saturation observed in §4.1, where most items live in the high-safety regime. The horizontal
banding visible on SafetyBench and WMDP-Bio is a discretization artifact: with M = 29 models, observed rates can only
take values in {k/M}Mk=0, which also explains the slightly higher RMSE on these two benchmarks. We emphasize that this
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Figure 5. Joint distribution of fitted 2PL item parameters (aj , bj) per benchmark, colored by Fisher information Ij(θ̃) at the median
model ability θ̃. High-information items (bright) cluster where aj is large and bj ≈ θ̃, while the dense dark region visible on high-CV
benchmarks represents redundant items that adaptive selection avoids.

is a fit-recovery check rather than an out-of-sample calibration test; the in-sample item-level prediction here supports the
model-level results in §4.1.

F. Agreement Curves Across Benchmarks
Figure 7 reports Agreement curves for all the six benchmarks considered in this work. Across benchmarks, we observe a
consistent qualitative trend: adaptive item selection via Fluid Benchmarking reaches high agreement with the full-benchmark
ranking substantially faster than random baselines. In particular, the adaptive procedure typically achieves strong correlation
in the low-sample regime, indicating that a relatively small number of informative items suffices to recover most of the
ranking signal. See §4.3 for more details.
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Figure 6. Item-level fit verification of the IRT model. For each item j, we use the fitted parameters (aj , bj) and abilities θm to compute the
predicted probability that each model m responds safely, using Equation 1. The model-implied item safety score, obtained by averaging
these probabilities across models, is plotted against the observed safety score on that item.
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Figure 7. Agreement between subset and full-benchmark performance as a function of the number of administered items, across all six
benchmarks. For a full description of the methodology, see §3.5.
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