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LLM Evaluation on Unseen Questions: Contextual Multidimensional IRT Model
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Abstract

Evaluation of large language models (LLMs) in-
creasingly requires predicting how a model will
perform on new questions or tasks before collect-
ing large amounts of new annotations. This prob-
lem is challenging because question difficulty, sce-
nario, and underlying capability demands can vary
substantially. Simple retrospective averages may
confound model ability with item characteristics.
In this paper, we study a model-based evaluation
framework that combines multidimensional item
response theory model with question contexts to
predict LLM performance on unseen questions.
The framework represents LLMs through latent
capability profiles while using question content
to inform item characteristics, allowing informa-
tion to transfer beyond previously observed items.
Empirically, we find that for within-scenario eval-
uation, incorporating question embeddings im-
proves prediction relative to model-free baselines,
and that multidimensional latent structure pro-
vides a richer description of capability variation
than unidimensional alternatives. At the same
time, our results reveal an important limitation
that the generalizability does not necessarily trans-
late into reliable prediction under cross-scenario
shift. These findings suggest that context-aware
psychometric modeling is a promising direction
for efficient and interpretable LLM evaluation,
while also highlighting cross-scenario generaliza-
tion as a central open challenge.

1. Introduction

Evaluation of large language models (LLMs) is increasingly
shaped by rapid model iteration, evolving benchmarks, and
deployment settings that change faster than full-scale anno-
tation pipelines can keep up (Liang et al., 2023; You et al.,
2024; White et al., 2025; Shang & Truzzi, 2026). In this
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setting, a central question is no longer only how a model per-
formed on a fixed benchmark, but how well observed evalua-
tion results can predict behavior on new questions. Reliable
prediction on unseen questions is crucial for deployment de-
cisions, because it helps distinguish genuine generalization
from benchmark-specific tuning and supports more trust-
worthy model selection and risk assessment (Truong et al.,
2025; Li et al., 2025). This is especially important in high-
stakes or rapidly changing applications, where collecting
new gold-standard labels may require costly human anno-
tators or expensive judge models (Pacchiardi et al., 2024).
In such cases, leveraging existing or small-scale evaluations
to predict performance on new questions can substantially
improve evaluation efficiency and guide resource allocation
(Maia Polo et al., 2024; Wang et al., 2025).

Reliable prediction is challenging, however, because bench-
mark items are heterogeneous. Questions can vary substan-
tially in difficulty, context, and the underlying capabilities
they demand (Zhuang et al., 2025). As a result, simply av-
eraging correctness across questions can confound model
capabilities with question characteristics, obscuring struc-
tures that matter for extrapolation to unseen questions (Lalor
et al., 2016).

Item response theory (IRT) serves as a natural approach to
address this problem (Baker, 2001; Chen et al., 2025). Prior
studies have used IRT to build evaluation scales, estimate
latent item parameters from model response patterns, ana-
lyze benchmark quality, and enable more reliable or amor-
tized evaluation (Lalor et al., 2016; 2019; 2024; Maia Polo
et al., 2024). More recently, several works have combined
IRT modeling with question embeddings to estimate item
characteristics and support prediction on previously unseen
questions (McCarthy et al., 2021; Marinho et al., 2023;
Truong et al., 2025; Tang et al., 2026). However, most ex-
isting approaches remain largely based on unidimensional
ability, which may not capture the multiple latent capabil-
ities that drive LLM performance. They also leave open
a harder question: whether predictive evaluation can gen-
eralize across heterogeneous scenarios rather than only to
held-out questions within the same benchmark setting. This
broader scope of generalization is especially important when
evaluating LLMs on new tasks or benchmarks (Phan et al.,
2025; Li et al., 2026; Zhou et al., 2026).
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In this work, we study LLM evaluation on unseen ques-
tions through a contextual multidimensional IRT (MIRT)
model. Our model jointly captures question characteristics
and model capabilities, allowing semantic information from
question text to inform item parameters while providing a
richer description of latent capability structure.

Our main findings are threefold. First, incorporating ques-
tion embeddings into MIRT models improves predictive
performance relative to model-free alternatives. Second, al-
lowing multiple latent dimensions yields a richer description
of model capability than a purely unidimensional approach.
Third, although the proposed framework performs encour-
agingly when predicting held-out questions within the same
scenario, its cross-scenario performance has larger variation,
suggesting that transfer learning across domains remains
a major open challenge. In summary, these results show
context-aware psychometric modeling is a promising direc-
tion for efficient and interpretable LLM evaluation, while
cautioning that within-scenario predictive success may not
necessarily translate to robust cross-scenario generalization.

1.1. Related work

Benchmark-based evaluation remains dominant for com-
paring LLMs, but its limitations in both generalizability
and efficiency are increasingly recognized. Prior studies
have argued that conclusions drawn from static benchmarks
may not directly transfer to changing evaluation protocols
(Alzahrani et al., 2024) or scenarios (Kiela et al., 2021; Lin
et al., 2025). Meanwhile, a growing line of work seeks to
reduce evaluation cost by recovering full-benchmark con-
clusions from only a small subset of instances (Maia Polo
et al., 2024; Pacchiardi et al., 2024; Li et al., 2025; Wang
et al., 2025; Zhong et al., 2025). Our work shares the goal of
moving beyond retrospective scoring on a fixed benchmark,
but studies a structured model-based approach for predicting
performance on unseen questions.

Achieving this goal requires separating model-side abilities
from heterogeneous question-side characteristics. IRT has
long offered a principled way to disentangle item properties
from participant abilities in psychometrics (Baker, 2001;
Cai et al., 2016). In natural language processing (NLP),
Lalor et al. (2016; 2019) introduce IRT-based evaluation
scales. The recent tutorial by Lalor et al. (2024) highlights
growing interest in IRT as a general framework for model
assessment in language technology. In the LLM setting, an
emerging number of studies have used IRT-based modeling
to study benchmark measurement quality or interpretations
(Zhou et al., 2025; Yao et al., 2025; Cai et al., 2025).

A parallel line of work leverages question texts or
embedding-based features to model item characteristics and
support generalization to unseen items. In educational as-
sessment, such approaches have been used for predicting

difficulty (AlKhuzaey et al., 2024; Marinho et al., 2023) or
unseen items (McCarthy et al., 2021; Khan et al., 2025). For
LLM evaluation, the work most closely related to ours is
Truong et al. (2025), who combine Rasch-style psychomet-
ric modeling and question embeddings to support reliable
and efficient amortized evaluation.

Our method builds on this line of work but differs in two
key respects. First, we explicitly model multivariate la-
tent capability dimensions of LLMs rather than relying on
a unidimensional Rasch-model view or hard-to-interpret
blackbox predictors. Second, we focus on the generalizabil-
ity of evaluation prediction on unseen questions, including
the more difficult setting of cross-scenario transfer rather
than only efficient estimation on a fixed benchmark.

2. Method

To predict evaluations of LLMs on unseen questions, we use
the following contextual multidimensional item response
theory (C-MIRT) model that separates model-side latent
abilities from question-side characteristics across scenarios.

C-MIRT model. Consider a benchmark dataset where
models are evaluated across S different scenarios, i.e., dif-
ferent task types or contextual domains. For each scenario
s € [S], suppose n LLMs are evaluated on p, questions.

Let yi;) € {0,1} denote whether model i answers ques-
tion j correctly in scenario s. Each question j is associated
with a contextual embedding e; € R?. To model perfor-
mance on these questions, we map this embedding into an
r-dimensional latent question representation through a fea-
ture map ¢(*) : R? — R”. Then, the response probability
in the C-MIRT is modeled through a logistic link as

(s) | p(s) A n(s) _ 1
yz] | QU ~ Bernoulh(a(@ij )) 5 O'(SC) = m7
with the parameter
S s s T s
05 = ol +u® ¢t (e)). (1)

(s

i ) eRisa scenario-specific intercept for model ¢,

capturing its baseline success rate in scenario s, and u,gs) €
R" is a scenario-specific latent capability vector. The trans-
formed embedding (b(s)(ej) represents the latent charac-

teristics of question j in scenario s. The bilinear form

Here «

ugs)Tgé(S) (e;) captures how well the capabilities of model
1 align with the requirements of question j. Different spec-
ifications of ¢(*) can be used to incorporate contextual in-
formation about the questions. For example, Tang et al.
(2026) models ¢(*) as a smooth function in a reproducing
kernel Hilbert space, so that questions with similar con-
textual embeddings are encouraged to have similar latent
representations.



The C-MIRT formulation goes beyond a unidimensional
difficulty-based view by allowing model performance to
vary along multiple latent traits. In particular, the C-MIRT
model is closely related to the Rasch-style formulation in
Truong et al. (2025), which models

6 = ol — g,

with a scalar difficulty parameter ﬁj(.s) for question j in
scenario s. In that formulation, all item heterogeneity is
absorbed into a single difficulty dimension. In contrast, C-
MIRT in (1) takes a multivariate bilinear form, which allows
question characteristics and model capabilities to interact
through multiple latent dimensions.

An additional advantage of C-MIRT is that it naturally sup-
ports prediction on unseen questions. Once the feature map
#'*) is learned from training questions in scenario s, a new
question can be embedded into the same latent space and
used to predict response probabilities. This allows us to
investigate the generalization within and across scenarios.

Model estimation. Given a source scenario s, we estimate
the model parameters (ags), ugs), #*)) by minimizing the
logistic negative log-likelihood under the C-MIRT model,
where the feature map ¢(*) is parameterized by a multilayer
perceptron. Because the parameters in MIRT are only iden-
tifiable up to a linear transformation, we adopt a two-step
estimation procedure; details are deferred to the Appendix.

Predicting responses to unseen questions. Suppose
a'™ ') $(*) are estimated from the training split of the
source scenario s. For a question j from target scenario ¢,
with embedding e;, we compute

é\’gjs—)t) _ ags) +a§s)—|—$(5) (6]'), i)\g]sﬁt) _ U(é;(;%t)) .
When t = s, this gives within-scenario predictions for pre-
viously unseen questions, enabled by the learned feature
map $<S>. When t # s, this gives cross-scenario predic-
tions. This directly evaluates out-of-scenario generalization,
and the performance depends on how well the latent struc-
ture learned under scenario s transfers to scenario ¢, as we
demonstrate empirically in Section 3.1.

3. Experiments

We adopt the benchmark setup in Truong et al. (2025), which
leveraged 22 datasets from 5 HELM repositories: Classic,
Lite, AIR-Bench, Thai Exam, and MMLU. We filtered out
scenarios where the question descriptions are incomplete,
e.g., questions with missing multiple-choice options. After
filtering, we retain 11 scenarios for evaluation. Examples
of scenarios include “wikifact” and “math”. The number of
questions per scenario ranges from 436 to 29407.

We construct a contextual embedding e; for each bench-
marking question using BERT-based language models
(Wang et al. (2020); Reimers & Gurevych (2019)).

All methods are evaluated using 5-fold cross-validation.
Within each scenario, questions are split into five folds. In
each run, one fold, containing 20% of questions, is used
for testing, and the remaining four folds, containing 80% of
questions, are used for training.

For each training-test scenario pair and each fold, the fit-
ted model produces a predicted score matrix, where rows
correspond to n LLMs and columns correspond to p; ze.st
testing questions in scenario s. We evaluate this matrix
in two ways. The first is question-wise AUC, or column-
wise AUC, where for each fixed test question, we compute
the AUC using the predicted scores across n LLMs. This
reflects how well the predicted scores rank LLMs on the
same question. Repeating this over p; ;.. questions yields
a distribution of question-wise AUC values. The second is
LLM-wise AUC, or row-wise AUC, where for a fixed LLM,
we compute the AUC using the predicted scores across
Ds,test questions. This measures how well the predicted
scores rank questions for that LLM. Repeating this over n
LLMs yields a distribution of LLM-wise AUC values. To
summarize either distribution, we report its 90th percentile.

3.1. Within- and cross-scenario prediction by C-MIRT

This section evaluates the prediction performance of the
C-MIRT. Figures 1 and 2 report the mean 90th percentile
AUC over the five cross-validation folds. In both figures,
rows indicate the training scenario and columns indicate the
test scenario. Diagonal entries therefore represent within-
scenario prediction, whereas off-diagonal entries represent
cross-scenario prediction.
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Figure 1. Heatmap of the 90th percentile of question-wise AUC
distribution predicted by the C-MIRT method across scenarios.



Figure 1 shows the results for question-wise AUC. The diag-
onal entries are consistently high, indicating strong within-
scenario performance in ranking LLMs for fixed questions.
Several off-diagonal entries are also relatively large, suggest-
ing that the learned contextual structure can transfer across
scenarios to some extent. For example, training scenarios
such as babi_ga and wikifact, achieve comparatively strong
performance on multiple test scenarios. Meanwhile, the
substantial variation among off-diagonal cells indicates that
cross-scenario transfer depends on the similarity between
the source and target scenarios.

Figure 2 shows the results for LLM-wise AUC. Compared
with Figure 1, the diagonal entries remain strong, although
the off-diagonal entries are much closer to 0.5. This suggests
that ranking question difficulty for a fixed LLM is more
scenario-specific and less transferable across scenarios than
ranking LLMs for a fixed question. Overall, C-MIRT model
performs well for within-scenario prediction in both settings,
while cross-scenario generalization is notably stronger for
question-wise AUC than for LLM-wise AUC.
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Figure 2. Heatmap of the 90th percentile of LLM-wise AUC
distribution predicted by the C-MIRT method across scenarios.

3.2. Comparison with competing methods

We compare C-MIRT with three baselines. The first is
the contextual Rasch-style model in Truong et al. (2025).
The second is a lasso-penalized logistic regression model

with parameters 95;) = ’yz(s) (2) ej. This baseline also

uses contextual embeddings e;, but unlike C-MIRT, does
not impose a low-rank latent structure in the coefficient
matrix. The third is a simple mean baseline: within each
scenario, the predicted score for every test question is set
to the average training-set accuracy. Because this baseline
assigns the same score to all questions for a given LLM, we
use it only for question-wise AUC.

For each method, we compute the 90th percentile AUC in
the same way as in Section 3.1. For each pair of methods, 5-
fold cross-validation produces 5 paired differences between
C-MIRT and the comparator. We assess the significance of
these differences using paired ¢-tests.

In Figures 3 and 4, each heatmap cell corresponds to a sce-
nario—method pair. The number in each cell is the average,
across the five folds, of the difference in the 90th percentile
of the AUC distribution between C-MIRT and the compet-
ing method. A cell is shaded gray when its paired t-test
yields a p-value > 0.05, indicating the difference is not sta-
tistically significant at the 5% level. Among the remaining
cells, red indicates that C-MIRT performs better, whereas
blue indicates that the competing method performs better.
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Figure 3. Heatmap of mean differences in the 90th percentile
of question-wise AUC between C-MIRT and competing methods
across scenarios.
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Figure 4. Heatmap of mean differences in the 90th percentile of
LLM-wise AUC between C-MIRT and competing methods across
scenarios.

Figure 3 shows that for question-wise AUC, C-MIRT con-
sistently outperforms the Mean and Rasch baselines across
different scenarios. In contrast, its comparison with the lasso
method is more scenario-dependent. Figure 4 shows that,
however, for LLM-wise AUC, C-MIRT remains competitive
across the majority of scenarios. These results highlight the
robustness of the proposed method.



4. Conclusions and future work

This paper proposes to use C-MIRT for predicting eval-
uations of LLMs on unseen questions. We show that C-
MIRT enhances within-scenario prediction, whereas cross-
scenario generalizability depends on the source-target sce-
narios and criterion. It opens an interesting future direction
to further investigate new-scenario prediction for LLMs.

Impact Statement

This paper studies a more efficient and interpretable ap-
proach to evaluating LLMs on unseen questions. A poten-
tial positive impact of this work is that it can reduce the
cost of Al evaluation, both in annotation effort and com-
putation, while still providing structured information about
model strengths and weaknesses. However, the method also
presents risks. Predicted performance may be mistaken for
direct evidence of reliability, especially in high-stakes ap-
plications, and embedding-based item models may inherit
biases from benchmark data or pretrained text representa-
tions. Our results also show that cross-scenario prediction
is substantially harder than within-scenario prediction, so
these methods should not be treated as a substitute for di-
rect testing on representative data. We therefore view this
work as a tool for supplementing evaluation pipelines, not
replacing careful benchmark design, independent validation,
or human oversight.
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A. Appendix

Matrix representation and model identifiability. For a fixed scenario s, let Yy e {0, 1}"™*P= be the response matrix,
T

let a®) = (a§5>, o agf))T e R™, let U®) € R™*" collect the row vectors ul(-s) , and let V(&) € RP=X" collect the

transformed embeddings ¢(*)(e;) .

When the latent question factors are estimated freely rather than parameterized through embeddings, the model reduces to
06 = a(8)1;'5 +UGVET,
In that case, to remove the usual rotational ambiguity, one may impose
V(S)Tlp, =0,, UG Ty® — V(S)"’\/‘(S)7

under which the factorization is identifiable up to an orthogonal transformation (Tang et al., 2026). Specifically, if there
exists another set of parameters {a(*), U(®), V(*)} satisfying the same constraints such that a(s)l;l + UGVET =
64111 +UGVET then

o =a® U®=U0®0, and V® =VEO0, forsomeO € O(r),

where O(r) collects all orthonormal matrices in R"*".

Estimation procedure. Under the Bernoulli model with logistic link, we estimate the C-MIRT parameters using a
two-stage procedure. In the first stage, for each scenario s, we fit a low-rank logistic factorization model to obtain latent row
and column representations (a(s), [SJOR V(S)). In the second stage, we learn the mapping ¢(*) from contextual embeddings
to the estimated question factors by supervised regression.

For a fixed scenario s, the negative log-likelihood under the Bernoulli model with logistic link is given by

£0(a®, U, V) =3 3 [log (1 +exp(6) ) — 5565 | @

i=1j€T,
where 7, the index set, indicates those questions in the training data of scenario s.

To address the identifiability issue, we impose the centering constraint V(S)Tlps = 0,, and we encourage balanced
factorizations through the regularizer

g(UG), V) = HU<5>TU(S> _vOTye |

F
Accordingly, in stage 1 we solve the regularized optimization problem
] QINOR JORVONRIOVNOR HIORVIO) 1 (s) yv(s)
a(s)’g(lg’v(s) Ly (a , U v ) L (a , UV )+4g(U , V ), 3)

subject to
sT
v, =o,.

We optimize (3) using projected gradient descent. At each iteration, we update a®), U(*), and V(®) by gradient descent,
followed by a projection step that enforces V(S)Tlps =0,.

After obtaining the stage-1 estimator

~

v — (@I’ e 7@;7 - )jer, € RPXT
(s)
J

Specifically, we parameterize ¢(*) by a multilayer perceptron and minimize the regression loss

we proceed to stage 2 and estimate the feature map ¢(*) by regressing ' on the corresponding contextual embedding €;.

1 2

s) __ E : s ~(s)
sljeTd

2

7



over mini-batches 7 C 7. This yields an estimator QZ(S), which can then be used to predict latent representations for
unseen questions and hence out-of-sample response probabilities through

0 = ai” +a7 50 (ey).



