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Abstract

Comprehensive evaluations of language models
(LM) during both development and deployment
phases are necessary because these models are
thought to possess numerous capabilities as well
as safety risks. The average score across a wide
range of benchmarks provides a signal that helps
guide the use of these LMs in practice. Cur-
rently, holistic evaluations are costly due to the
large volume of benchmark questions, making
frequent evaluations impractical. A popular at-
tempt to lower the cost is to compute the aver-
age score on a subset of the benchmark. This ap-
proach, unfortunately, often renders an unreliable
measure of LM performance because the average
score is often confounded with the difficulty of
the questions in the benchmark subset. Item re-
sponse theory (IRT) was designed to address this
challenge, providing a reliable measurement by
careful controlling for question difficulty. Unfor-
tunately, question difficulty is expensive to esti-
mate. Facing this challenge, we train a model
that predicts question difficulty from its content,
enabling a reliable measurement at a fraction
of the cost. In addition, we leverage this diffi-
culty predictor to further improve the evaluation
efficiency through training a question generator
given a difficulty level. This question generator
is essential in adaptive testing, where, instead of
using a random subset of the benchmark ques-
tions, informative questions are adaptively cho-
sen based on the current estimation of LLM per-
formance. Experiments on 22 common natural
language benchmarks and 183 LMs show that
this approach is more reliable and efficient com-
pared to the current common practice.1
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1. Introduction
Modern generative models are general-purpose tools with
numerous capabilities and safety risks. Understanding
and improving their performance requires comprehensively
evaluating them across multiple benchmarks. During
model development, iterative evaluation is crucial to iden-
tify issues before deployment. As more models are re-
leased and evolve through adjustment by the community,
assessing their performance periodically is essential from a
governance perspective. The average score on a range of
benchmarks provides a signal that helps guide the use of
these models in practice.

Modern benchmarks, such as the Holistic Evaluation of
Language Models (HELM) (Liang, 2023), typically in-
volve hundreds of thousands of questions. Evaluating such
large datasets is resource intensive: each language model
(LM) might take hours, days, or even weeks to produce
answers, demanding many high-performance computers
(Liang, 2023, Page 6). In addition, grading these answers
often requires a judge, which might cost hundreds of hu-
man annotator hours or thousands of dollars when using
high-performance-but-expensive LM judges (Zheng et al.,
2023). This expensive process drastically hinders the de-
velopment and deployment of generative models.

A common attempt to reduce the evaluation cost in prac-
tice is to use the average scores from a subset of the dataset
(Liang, 2023, Page 81; Saranathan et al., 2024). Here, an
LM comparison based on average scores is valid if the LMs
are evaluated on the same subset. However, maintaining
the same subset for a valid average score comparison is
often impractical. In healthcare, for example, it is unre-
liable to compare LMs performance if they are evaluated
on different hospital datasets, which cannot be shared due
to privacy concerns. In AI security, two models cannot be
reliably compared based on the average attack success rate
because the evaluator often adaptively adjusts the question
difficulty to better attack the model. In these cases, eval-
uation based on the average score from a subset of the
benchmark is unreliable because the average score is con-
founded with the question’s difficulty. The apparent depen-
dency on the subset is not a new issue. It is an issue in any
evaluation procedure that uses average scores on a subset
to assess performance, a paradigm known as classical test
theory (CTT) dating back to the 1800s (Edgeworth, 1888;
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Spearman, 1904).

Instead of using the average score, a model-free approach,
one can explicitly represent the interaction between the
question and the test taker via a model-based framework,
such as Item Response Theory (IRT). IRT refers to a class
of probabilistic latent variable models that explain the re-
lationship between the test taker’s latent ability, the ques-
tion’s difficulty (also commonly referred to as “item pa-
rameter”), and the observed response from the test taker to
the questions. In the LM evaluation, a “test taker” is an
LM, an “item” is a question from a domain targeted by the
evaluation experiment, and a “response” is the score of the
model’s generated text on a question. For example, if the
benchmark used is GSM8K, the target domain of evalua-
tion is grade school mathematics. If exact match is used as
a metric to score a model’s generated text, then the response
is binary (1 for an exact match and 0 otherwise). Both abil-
ity and difficulty are on a logit scale (Rasch, 1993). One
can interpret the model’s ability as the expected fraction of
correct responses taken over all questions in the targeted
domain. On the other hand, the difficulty of a question
is the expected fraction of failed test takers from the pop-
ulation of interest. By deconfounding question difficulty
from the test taker’s ability, IRT enables test-invariant abil-
ity estimation: regardless of test subsets, one can reliably
estimate a test taker’s ability. This property sharply con-
trasts with the current common practice in LM evaluation
based on average score, where the ability estimation is con-
founded by the test set difficulty.

Although model-based evaluation is appealing and has
been adopted in various communities, such as psychomet-
rics and education, operationalizing this idea in generative
model evaluation presents multiple technical challenges.
Indeed, a reliable and efficient measurement with IRT re-
quires a well-estimated, large, and diverse question bank.
Traditionally, constructing a diverse question bank is labor-
intensive, often demanding days or weeks of dedication
from experts. Given a question bank, estimating its ques-
tion difficulty, also referred to as “calibration,” requires re-
sponses provided by a large number of test takers. If the
cost of calibrating one question is c units, calibrating M
questions would cost M � c units, where M is typically in
the order of 103 to 106 in generative model evaluation. To
make matters worse, the question bank needs to be period-
ically replenished and recalibrated to replace contaminated
questions (He & Chen, 2020; Zheng, 2014).

To reduce the cost of constructing a large, diverse, and
well-calibrated question bank, we introduce amortized
calibration via a content-based question difficulty predic-
tor using a machine learning model, which effectively re-
duces the calibration cost complexity to constant with re-
spect to the size of the question bank. Leveraging this

amortized model, we introduce a conditional question
generator by training a language model to generate ques-
tions conditioned on a target question’s difficulty, effec-
tively automating the diverse question bank construction
process. These two innovations make model-based eval-
uation more practical for the generative model evaluation
setting. Our contributions are:

• We conduct a large-scale study to understand the reli-
ability and efficiency of model-based evaluation using
IRT on 22 natural language processing (NLP) datasets
and 183 large language models (LLMs). We show that a
model-based approach can be significantly more reliable
and efficient than a model-free approach: IRT can reduce
the query complexity to 50% on average and up to 82%
across all datasets while still reliably estimating model
ability with different test sets.

• To reduce the cost complexity of question bank calibra-
tion, we introduce amortized calibration, which incorpo-
rates a machine learning model to predict question dif-
ficulty from its content. We demonstrate that amortized
calibration performs similarly to traditional calibration at
a significantly lower cost.

• To reduce the cost of question bank construction, we in-
troduce a conditional question generator: a fine-tuned
LLM that generates questions conditioned on a target
question’s difficulty. This model helps automate the di-
verse question bank generation process, a crucial aspect
to ensure an efficient evaluation.

In summary, we tackle large-scale generative model evalu-
ation with a model-based approach grounded in IRT, sub-
stantially improving the reliability and efficiency of current
common practices at a fraction of the cost.

2. Related Work
Efficient Evaluation and IRT The growing size of gen-
erative models and benchmarking datasets has significantly
increased evaluation costs, leading to a search for efficient
LLM evaluation methods. Perlitz et al. (2023) proposes
Flash-HELM to prioritize higher-ranked models and re-
duce the overall computational cost, but the lower-ranked
models are also important, especially in safety scenarios.
In addition, their random subsampling strategy can result
in considerable estimation error. Vivek et al. (2023) selects
core sets of large datasets based on models’ confidence in
the correct class, but they lack rigorous theory and can be
unreliable with spurious patterns. Xu et al. (2024) analyzes
different sampling strategies on rank preservation and score
distribution, leveraging difficulty assessment to select chal-
lenging questions. Vania et al. (2021) uses IRT to detect
the saturation of NLP datasets, revealing their diminishing
ability to identify further improvements in model perfor-
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Figure 1: Method overview: The response matrixY records the response of test takers (e.g., generative models) on current
benchmark questions, with blue, red, and white cells indicating correct, incorrect, or missing responses (Sub�gure a). The
test taker's ability� i and question dif�cultyzj determine correct probabilities (Sub�gure b). Calibration estimates question
dif�culty bzj for adaptive testing, improving evaluation ef�ciency for new test takers (“new models” and “current datasets”
in Sub�gure a). Parameters�;  ; ! govern the question dif�culty predictor, conditional question generator, and featurizer
(Sub�gures b, c). The question dif�culty model predictsdznew to reduce calibration costs, while the conditional question
generator creates questions targeting a speci�c dif�culty level to expand the question bank.

mance. Lalor et al. (2019) proposes to generate response
matrices for the IRT model with deep neural networks, mit-
igating the need to recruit a panel of human test takers. Re-
cent works, such as Maia Polo et al. (2024), leverage IRT
to reduce the number of examples needed for evaluating
LLMs, minimizing computational costs while maintaining
evaluation accuracy. Rodriguez et al. (2021) applies IRT
to improve leaderboard rankings by modeling the dif�culty
and discriminability of test items. Lalor et al. (2018) devel-
ops IRT-based evaluation tailored to natural language in-
ference tasks, showing that dif�culty-aware evaluation can
lead to more nuanced insights into model capabilities. Un-
like these approaches, we introduce amortized calibration
and employ an LLM for automated question generation,
addressing the need for long-term, iterative evaluation, sur-
passing the limitations of static benchmarks.

LLM performance prediction Recent research has ad-
vanced our understanding of LLM performance prediction
by establishing robust scaling laws and uncovering emer-
gent phenomena. Kaplan et al. (2020b), Hoffmann et al.
(2022), and Hernandez et al. (2022) laid the groundwork
by elucidating how model performance scales with size,
data, and compute. Bahri et al. (2024) and Muennighoff
et al. (2023) have deepened these insights, while studies
such as those by Isik et al. (2024), Ghorbani et al. (2021),
Zhuocheng et al. (2023), Caballero et al. (2022), and
Henighan et al. (2020) have extended scaling laws to pre-
dict downstream task performance. Research on predict-
ing emergent abilities with in�nite resolution evaluation

(Hu et al., 2023) has highlighted the sudden performance
gains. Schaeffer et al. (2023) examined discontinuities
linked to emergent abilities, while Finnveden (2020) ex-
plored methods for extrapolating GPT performance. Gan-
guli et al. (2022) and Owen (2024) scrutinized the balance
between predictability and surprise in generative models,
and Arora & Goyal (2023) broke down complex LLM skills
into fundamental components to facilitate granular fore-
casting. Moreover, studies on emergence phenomena by
Suzgun et al. (2022) and Wei et al. (2022) have shed light
on the mechanisms behind abrupt performance improve-
ments. Ruan et al. (2024) introduced latent variables that
generalize across tasks and model families. Zhang et al.
(2024) proposed a collaborative framework that leverages
cross-family model-task performance patterns through fac-
tor analysis. Finally, to address broader challenges in the
�eld, Anwar et al. (2024) highlighted foundational issues
in the alignment and safety of LLMs.

3. Preliminary
We brie�y introduce the evaluation problem. A test giver
interacts with a test taker with �xed but unknown unidi-
mensional ability� . A questionq has a scalar dif�cultyz.
Responsey is a Bernoulli random variable that indicates
whether the test taker answers the question correctly, with
y = 1 for correct andy = 0 for incorrect answer. This
paper focuses on the Rasch model (Rasch, 1993), a classic
IRT model that expresses the probability of a correct an-
swer as a logistic function� of the difference between the
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test taker's ability and the question's dif�culty:

p(y = 1 j �; z ) = � (� � z):

Given a model, an evaluation is carried out in two phases:
calibration and scoring. In the calibration phase, the
test giver collects a response matrix, denoted asY 2
f 0; 1gM � N , whereM andN denote the total number of
test takers and questions, respectively. Each entryYi;j rep-
resents a response of test takeri with ability � i to questionj
with dif�culty zj . With the response matrix, the ability and
the dif�culty parameters can be estimated via various statis-
tical inference methods such as Full Information Maximum
Likelihood via Expectation Maximization (EM) algorithm
(Bock & Aitkin, 1981; Chalmers, 2012) or Bayesian infer-
ence with Markov Chain Monte Carlo (MCMC) simulation
(Wu et al., 2020). While MCMC provides a useful poste-
rior distribution, it is computationally expensive. EM is the
popular choice in the literature, estimating dif�culty by al-
ternating between

E step: p(Yi;j jzt
j ) = E� i p(Yi;j j� i ; zt

j ) 8i 2 [M ] and

M step: zt +1
j = arg max

z t
j

MX

i =1

logp(Yi;j jzt
j ) 8j 2 [N ];

wheret is the iteration index. The distributionp(� i ) is often
chosen as a standard normal distribution, allowing identi-
�cation and ef�cient integration of the marginal likelihood
via Gaussian-Hermite quadrature. The product is a cali-
brated question bankQ = f qj gN

j =1 , where each question
qj has estimated dif�cultybzj .

In the scoring phase, the goal is to estimate the ability of
a new test taker, typically in a statistically ef�cient man-
ner usingK � N questions through adaptive testing.
With a calibrated question bank and a current estimated
ability of the test taker of interest, the test giver can in-
telligently select the next question to elicit the most in-
formation about the test taker's ability by employing an
acquisition function. A common acquisition function is
the Fisher informationI (� t

new; bzj ) = pj (1 � pj ) where
pj = p(Ynew;j j� t

new; bzj ) is the predictive probability of the
new test taker with current estimated ability� t

new correctly
answer questionj :

bzj
� t ; q� t

j = arg max
bzj :qj 2Q t

I (� t
new; bzj ) Qt +1 = Qt nf q� t

j g: (1)

The acquisition function maximizer is administered to the
test taker to collect their response, which is then used to
update their ability, e.g., via maximum likelihood:

� t +1
new = arg max

� t
new

tX

j =1

logp(Ynew;j j� t
new; bzj ); (2)

which is, in turn, used to facilitate the adaptive selection of
the next question. The process repeats until some reliability

criteria are reached or when the budget is depleted. We
defer readers to Baker (2001) and Van der Linden et al.
(2000) for more background information.

4. Method
4.1. Amortized Calibration
The above calibration is inef�cient for adding a new ques-
tion qnew to the question bank: inferring its dif�culty re-
quires gathering responsesYnew = [ Y1;new; :::; YM; new] from
suf�ciently largeM number of test takers. This makes cal-
ibration resource-intensive since the calibration cost grows
linearly with the number of questions. Amortized calibra-
tion is introduced to address this issue by learning a gen-
eralizable model that predicts question dif�culty from its
content. Given a featurizerf ! that allows extracting fea-
ture vectorej from questionqj asej = f ! (qj ; c), where
c is the question context, learning an amortized dif�culty
predictor is done by iterating between:

E step:p(Yi;j jf � t (ej )) = E� i p(Yi;j j� i ; f � t (ej ))8i 2 [M ]

M step:� t +1 = arg max
� t

MX

i =1

logp(Yi;j jf � t � f ! (qj )) :

The dif�culty of a new questionqnew is then inferred as
dznew = f � � f ! (qnew; cnew). The cost reduction comes
from exploiting the information encoded in the question
content, a quantity traditional calibration ignores. Coem-
bedding question content and dataset context enables the
generalization of the amortized model across datasets. In-
stead of having a separate dif�culty parameter for each
question in each dataset, amortization enables parameter
sharing across questions and datasets.

4.2. Adaptive Testing with Question Generator
A large and diverse calibrated question bank is essential
for successful adaptive question selection (Wainer & Mis-
levy, 2000). Indeed, notice that maximizing the acquisi-
tion function (such as Fisher information in Equation 1)
can be viewed as a continuous optimization objective with
respect to question dif�culty with the constraint that the
corresponding question is in the calibrated question bank.
For small question banks, the question corresponding to
z� t

j might not exist, and the test giver is forced to choose
a question with suboptimal information content. This is-
sue highlights the need for a large and diverse calibrated
question bank. Unfortunately, constructing such a ques-
tion bank is resource-intensive, as questions are typically
hand-crafted, potentially leading to a skewed dif�culty dis-
tribution. We train an LLM as a question generator to ad-
dress this problem. A question generator capable of pro-
ducing a new questionqnew with a targeted question dif�-
culty ztarget, such as the one that maximizes Fisher informa-
tion criteria in adaptive testing, would be highly valuable.
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Furthermore, such a generator would assist with question
bank replenishment, as previously discussed. To train an
LLM question generator based onztarget, we use a two-
stage approach: supervised �ne-tuning (SFT) and prox-
imal policy optimization (PPO) (Schulman et al., 2017)
with reward function being the negative distance between
ztargetand the predicted question dif�culty:r (qnewjztarget) =
�jj f � (qnew) � ztargetjj . This reward objective encourages the
generated question to have a predictive dif�culty that aligns
with the given dif�culty.

5. Experiments
We use 22 datasets from 5 HELM repositories: Classic,
Lite, AIR-Bench, Thai Exam, and MMLU, including both
capability and safety measurements, including 183 test tak-
ers and 78,712 questions. The number of test takers and
questions for each dataset, the visualization of the response
matrix and the full list of test takers are in Appendix A.
We work with responses that can be graded dichotomously,
which is found in the vast majority of benchmarks via met-
rics like (quasi) exact match or equivalent indicator. We
remove duplicate questions, those with identical responses,
and those with less than 30 test takers. We also remove test
takers that have less than 30 responses in total. Since not
every test taker answers every question, the response ma-
trix has missing values, which are masked out during like-
lihood computation. We randomly mask out 20% of the
non-missing elements in the response matrix as the test set
such that the resulting response matrix has no row or col-
umn with identical responses to ensure numerical stability.
The unmasked data is used for model �tting. When appro-
priate, we also partition the train and test by questions or
test takers (e.g., when we need to assert dif�culty predic-
tion model generalizability to new questions). Performance
is averaged over 10-fold cross-validation, and the L-BFGS
optimizer is used to �t IRT models.

To assess the performance of the IRT model, we use the
area under the curve (AUC) of the receiver operating char-
acteristic and correlation with a limiting average score. The
correlations measure the association of ability estimates
with a limiting average score on the entire dataset, which is
a high-quality estimation of ability but expensive to com-
pute. AUC evaluates the model's ability to classify binary
responses, ranging from0 to 1, with 0:5 indicating random
guessing and higher values re�ecting better prediction ac-
curacy. Strong correlations suggest an accurate estimation
of ability. Combined with high AUC, this further reinforces
the reliability of dif�culty estimates.

We �t a Rasch model for all datasets with one unidimen-
sional ability parameter per LLM that represents general
performance across all datasets (the Simple Rasch in Fig-
ure 2). On the train and test set, the model achieves0:85

and0:83AUC, respectively, averaging across datasets. The
good �t of the Rasch model here indicates that a single la-
tent ability can well explain the performance of each test
taker across all datasets. To test whether multiple abili-
ties can better explain the data, we �t an ability parame-
ter for each language model (LM) on each dataset (see the
Rasch model in Figure 2). This model achieves0:89 train
AUC and0:87 test AUC on average, and0:94 train AUC
and0:93 test AUC at most. To assert whether we can get
better performance by increasing the number of question
parameters, we conducted an ablation study on three IRT
models with varying numbers of question parameters: The
one-parameter logistic model (i.e., Rasch model), the two-
parameter logistic (2PL) model, and the three-parameter lo-
gistic (3PL) model. The 2PL model introduces a discrimi-
nation parameterd, controlling the steepness of the proba-
bility curve, where higherd increases sensitivity to ability.
The 3PL model adds a guessing parameterg, representing
the probability of a correct response by chance.

2PL: p(y = 1 j z; �; d ) = � (d(� � z))

3PL: p(y = 1 j z; �; d; g ) = g + (1 � g)� (d(� � z)) :

Figure 9 (Appendix B) shows that the 2PL and 3PL mod-
els do not outperform the Rasch model, likely due to the
limited number of test takers. Adding parameters increases
estimation complexity, amplifying over�tting risk and vari-
ance. Thus, we opt for the Rasch model.

To interpret the AUC results, we compute the test AUC for
three additional baselines, as shown in Figure 2. The naive
response model predicts responses using the mean train-
ing response across all test takers and questions. The av-
erage score model predicts responses based on the mean
training response for each test taker. The dif�culty mod-
eling approach predicts responses using the mean training
response for each question. The results suggest that a sig-
ni�cant portion of the predictive power stems from dif�-
culty modeling rather than test takers' abilities. This can
be attributed to the fact that the dataset contains three or-
ders of magnitude more questions than test takers, making
question dif�culty the dominant factor in the model's pre-
dictive performance.

5.1. Generalization of Model-based Measurement
In this section, we demonstrate one value of measure de-
rived from a model-based approach:strong generalization.
To evaluate the generalizability of measures derived from
random subsets, we analyze a randomly chosen test takeri �

using two disjoint sets of 50 questions randomly sampled
from a calibrated question bank. We experiment with two
scoring methods: average score and Rasch score. Scores
are derived from the �rst subset (i.e., the training setDtrain),
and their generalizability is assessed in the second subset
(i.e., the testing setDtest).
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Figure 2: AUC on the test set of different response mod-
els. The naive model predicts using the overall mean of
the binary response matrix; the average-score model uses
each test taker's mean score; the dif�culty model relies on
each question's average dif�culty; the simple Rasch model
�ts a single ability parameter across all datasets; and the
dataset-speci�c Rasch model �ts separate parameters for
each dataset.

Figure 3: IRT consistently outperforms subset average
score in AUC across datasets. Subset average scores are
more sensitive to sample selection, while IRT estimates
demonstrate greater generalizability and robustness.

In the training set, the average score is the mean responses
across all questionssaverage= 1

jD trainj

P
j 2D train

yi � ;j , and the
Rasch scoresRasch = � i � is the ability estimated during
Rasch scoring phase previously discussed in Equation 2.
These scores are then used to predict whether the test taker
correctly answered the question in the testing set as an in-
dication for out-of-sample generalization:

Average score: p(yi � ;j = 1) = saverage8j 2 D test

Rasch score: p(yi � ;j = 1) = � (� i � � zj )

As this prediction is a binary classi�cation task, we use the
AUC as our evaluation metric. To estimate the variability
of the AUC resulting from the randomness in selecting the
test taker and the subsets, we use bootstrap resampling, re-
peating the procedure 100 times with 10 test takers, each
with 10 distinct pairs of subsets. Figure 3 shows that IRT
achieves an average AUC of0:78 � 0:07, re�ecting strong
predictive performance, while the average score yields an
AUC of 0:5 � 0:07, which is effectively equivalent to ran-
dom guessing. IRT consistently outperforms the average
score across all datasets. These results indicate that the av-
erage score is highly sensitive to the speci�c subset sam-
pled, whereas the Rasch score generalizes. In a healthcare
setting, for example, LM performance based on average
test scores from one hospital may not generalize to another,
but IRT-based evaluation can. The generalization power

of the Rasch score stems from deconfounding ability from
dif�culty, which relies on a model-based framework that
uses historical responses to provide a more reliable mea-
surement for a new test taker.

We conduct another subset experiment to demonstrate the
reliability of IRT in the cases where subsets have distinct
dif�culty levels. For each dataset, we sampled 100 subsets
(50 hard, 50 easy) based on question dif�culty from tra-
ditional calibration, with each subset containing 100 ques-
tions. We also select one target test taker and exclude it
from the calibration phase. The target test taker is then
scored using both the average score and IRT. The average
score, ranging from 0 to 1, is transformed using the logit
function to be compatible with IRT's ability. Figure 11
shows the distribution of� estimates across test subsets,
where the solid lines represent the limiting abilities mea-
sured by average score and IRT on the full dataset. Fig-
ure 11 shows that the estimated abilities from IRT and the
average score on the whole set tend to agree quite well. We
deem an estimation method to be reliable on a given dataset
if its empirical distribution of estimated ability includes
the limiting ability. Results show that the IRT model ac-
curately captures limiting ability, while the subset average
score struggles, often deviating signi�cantly. This high-
lights IRT's advantage in producing reliable ability esti-
mates across test subsets, while the subset average score re-
mains sensitive to test dif�culty. This case study highlights
the practical advantages of using IRT for reliable model
evaluation, particularly in diverse test settings.

We have demonstrated that, for a given model, a model-
based evaluation of ability estimation can generalize to new
questions much better than a model-free counterpart. Next,
we will demonstrate that model-based evaluation of abil-
ity can be generalized to new models as well. Here, we
capitalize on the model-speci�c featurex i to construct an
amortized model predicting model ability from its covari-
ate: � i = f � (x i ). We draw inspiration from the scaling
laws (Kaplan et al., 2020a; Ruan et al., 2024; Bahri et al.,
2024) to use the computing budget that was used to train the
model as the explanatory variable for its ability. Hence,x i

is a scalar of �oating point operations per second (FLOPS).
Assuming the ability and computing budget have a power
law relationship, then

� i = f � (x i ) = � 0 + � 1 log(x i )

When the LM's FLOPS is not available, we represent the
LM's ability with a free parameter instead of calculating its
ability from its pretrained computing budget. We managed
to collect the FLOPS of 77 models to �tf � (Table 2). Given
the dif�culty obtained from calibration, the ability predic-
tion model is learned via the maximum likelihood

arg max
�

X

i;j

logp(yi;j jf � (x i ); zj )
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Figure 4: Comparing amortized and traditional calibration
on model �t and ability estimation quality. There are 23
blue dots and 23 red dots in the �gure (22 datasets + com-
bining all datasets); each blue and red dot represents the
train and test split of a dataset, respectively. The x- and
y-axes represent the metric values for amortized and tra-
ditional calibration, respectively. In the right-hand panel
(� Corr Avg.), all blue dots have both x- and y-axis val-
ues above 0.99, rendering them invisible. The comparable
metric values across both methods indicate the amortized
Rasch model �ts as well as the traditional approach, with
a compatible ability to estimate quality, con�rming the ef-
fectiveness of amortization.

Here, the measurement outcome goes beyond a set of gen-
eralizable scores for measured models but ageneralizable
statistical relationshipbetween pretrained computing bud-
get and performance across a wide range of downstream
tasks, enabling the prediction ability of new models given
their covariates. Among FLOPS-based models, we allocate
80% for training and 20% for validation. We compute AUC
for each model across four data splits: train-train, train-test,
test-train, and test-test. In the train-train split, data are used
for both question parameter �tting and ability prediction,
while test-test data are entirely excluded from training. The
AUC scores of 0.82 (test-test) and 0.84 (train-train) indi-
cate the ability prediction model generalizes well to unseen
models and questions.

Based on our results, we suggest an interpretation of pa-
rameters in the simple Rasch model. The fact that a sin-
gle ability parameter per test taker can effectively account
for the response — and that this parameter can be reliably
predicted using a pretrained compute budget — suggests
that “ability” might measure how well a generative model
aligns with the internet text present in the pretrained data
distribution. Consequently, “dif�culty” might be an out-of-
distribution measurement, quantifying the degree to which
a question deviates from the pretrained corpus.Under this
interpretation, a question or task is deemed to be dif�cult
if similar texts are not seen during pretraining.We hy-
pothesize that the distance of a question from the training
distribution can predict the question's dif�culty, leaving its
validation for future studies.

Figure 5: Adaptive testing improves sample complexity on
AIRBench. Fisher (Full Bank) and Fisher (1% bank) are
adaptive testing experiments based on a large (4985 ques-
tions) and a small (50 questions) question bank, respec-
tively. The random selection uses a large question bank.
With a budget of 50 questions, only the Fisher (Full Bank)
can reach the measurement target: 95% reliability. This
highlights the advantages of adaptive testing against ran-
dom testing and further demonstrates the importance of a
large and diverse question bank, which motivates the ques-
tion generator.

5.2. Amortized Calibration
We apply amortized calibration across all datasets. Ques-
tion features are represented by Llama-3.1-8B-Instruct em-
beddings (dimension of 4096). We �t two linear mod-
els to predict question dif�culty from their embedding:
a local model for each dataset and a global model for
all datasets. Figure 4 shows that the two metric values
of amortized calibration and traditional calibration highly
align with each other on both train and test splits across all
datasets, demonstrating that amortized calibration closely
approximates the performance of traditional calibration.
We conduct an ablation study with the embedding from
Mistral-7B-Instruct-v0.3, showing that the conclusion is
robust with respect to the choice of embedding model (Fig-
ure 10 in Appendix). This indicates that the regression
model can be reliably used for predicting question dif�-
culty for new questions, reducing the need for repeated
question-speci�c calibration. The scalability makes the re-
gression model a practical solution for ef�cient, large-scale
evaluation.

5.3. Adaptive Testing with Question Generator
We demonstrate another application of model-based eval-
uation on adaptive question selection in assessing genera-
tive models. Toward this goal, we simulate 200 test tak-
ers whose ability� is sampled from the standard normal
distribution. They are randomly assigned to either random
testing or adaptive testing (Ma et al., 2025) with Fisher in-
formation criteria. To evaluate measurement quality, we
use the empirical reliability R (Lord, 1980; Brennan, 1992),
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ranging between 0 and 1 with higher is better:

R = 1 �
1
N

P N
i =1 I (b� i ) � 1

1
N � 1

P N
i =1 (b� i � �� )2

whereb� i is the estimated ability of test takeri and �� is the
mean of estimated abilities. There is a budget ofK = 400
questions for each test taker. The experiment is repeated
5 times, and the result is averaged. As shown in Figure 6,
adaptive testing consistently improves sample complexity,
reducing up to 82% of questions compared to random test-
ing, with an average 50% reduction to achieve both 95%
reliability. IRT supports iterative evaluation by facilitating
the evaluation of new model versions over time. In this
context, model evaluation transitions into monitoring when
different versions of the same model are assessed.Specif-
ically, we evaluate multiple versions of OpenAI's GPT-3.5
(0125, 0301, 0613, and 1106) using AIRBench. The results
reveal signi�cant �uctuations in the IRT ability parameter
across versions: -0.63 (January 25, 2023), 0.79 (March 1,
2023), 0.99 (June 13, 2023), and 0.02 (November 6, 2023).
These �ndings suggest that GPT-3.5 improved in safety
from January to June 2023 but experienced a notable de-
cline with the November 2023 update.

In addition, we conducted an additional experiment where
we performed adaptive testing in a small bank of only 50
questions to demonstrate that the size of the question bank
is an important factor in optimal adaptive testing. Figure 5
shows that on the large question bank, the adaptive testing
can reach 95% reliability with 31 queries (see the Fisher
Full Bank curve). Even with the same query budget, the
adaptive sampling method on a small question bank does
not reach the same reliability level (see the Fisher 1% Bank
curve). This demonstrates the need for large, diverse ques-
tion bank construction, a problem that can be solved effec-
tively using our conditional question generator.

Next, we describe the procedure for building a conditional
question generator, which can help in the construction of a
large question bank. The question generator is trained on
all datasets to generate questions given two inputs: dataset
description and targeted dif�culty. The dataset description
can be found in Appendix A. The input format for SFT is
detailed in Appendix C, and the dif�culty score is set as the
predicted value from the amortized question dif�culty pre-
diction based on the question content. We �ne-tune Llama-
3.1-8B-Instruct with SFT on all dataset questions for one
epoch using lr= 0 :0001, a cosine scheduler (warmup ra-
tio = 0.1), and LoRA (� = 16, rank = 8, dropout = 0.1).
We �ne-tune the model using PPO with LoRA(� = 128,
rank = 64, dropout = 0.1), maintaining the SFT input for-
mat. Training spans 4 epochs on 25,000 inputs (1,000 per
dataset) with batch size 2 and lr= 1 :0e � 5. During in-
ference, we use a temperature of 0.6, topp of 0.9, and a

Figure 6: The adaptive testing results for random sampling
(blue) and adaptive sampling (orange) are presented. The
y-axis is the number of questions, and the bar value is the
number of questions asked when reaching 95% reliability.
The sample complexity improvement is consistent across
all datasets analyzed, with adaptive testing signi�cantly re-
ducing the sample size compared to random testing.

max tokens of 256. We generate 64 candidate questions
and select the best match forztarget. The distribution of
the prediction error is shown in Figure 7, with a mean dif-
ference of 0.12 for the training set and 0.15 for the test
set. Compared to an SFT-only baseline, our approach re-
duces error by nearly 10x, demonstrating its effectiveness.
We �ne-tune Mistral-7B-Instruct-v0.3 as an ablation study,
showing that different base models yield similar results, see
Appendix C for more details.

We validate that the generated questions are semanti-
cally valid and that their format, style, and content
align well with the original benchmark. We also verify
that no generated question is duplicated with the origi-
nal questions. With the above two generators, we gen-
erate two AIR-Bench question banks (1,000 questions
each) and, along with the original set, query 35 lan-
guage models (27 for calibration, 8 for testing, see Ap-
pendix C). Model responses are then dichotomously graded
using GPT4-as-a-judge. This process yields three re-
sponse matrices (original AIR-Bench, Llama-generated,
and Mistral-generated). We concatenate them along the
question dimension and calibrate training models jointly,
ensuring dif�culties remain comparable, as question dif-
�culty is normalized during calibration. The result
shows that generated questions does not distort the esti-
mated ability of the models in both calibration and test
sets: �

�
� cal

org; � cal
org + syn

�
� �

�
CTTcal

org; � cal
org + syn

�
= 0 :96,

� (� test
org; � test

Llama) � � (� test
org; � test

Mistral) = 0 :81. Appendix C
includes generated question examples for each dataset.

6. Conclusion, Limitations, Future Work
This paper studies model-based evaluation using IRT for
generative models, decoupling model ability from speci�c
test subsets to make evaluation more reliable and ef�cient

8
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Figure 7: Distribution of the training and testing predic-
tion errorjj f � (qnew) � ztargetjj with and without the search
mechnism. SFT results show a signi�cantly larger predic-
tion error in both train and test sets while leveraging the
dif�culty prediction model considerably reduces the error.

across various empirical settings. Despite being an ap-
pealing idea, operationalizing model-based measurement
in generative model evaluation is hindered by the cost
of constructing a large, diverse, and well-calibrated ques-
tion bank. We overcome this challenge by introducing
amortized calibration and a conditional question genera-
tor. Amortized calibration signi�cantly reduces the costs
associated with question dif�culty estimation, and the con-
ditional question generator helps maintain a large and di-
verse question bank.

This approach has limitations. The quality of generated
questions depends on training data and dif�culty predic-
tion accuracy. Poor embeddings or amortized models may
misalign questions with intended dif�culty or content. Ad-
ditionally, AI-generated questions risk bias. Human ex-
perts are essential for reviewing and re�ning AI-generated
questions to mitigate bias. While the question generator
excels in leveraging embedding representations to create
questions at a speci�c dif�culty, often surpassing human
intuition, expert oversight ensures fairness and accuracy,
creating a balanced collaboration. The model response de-
pends on various factors beyond intrinsic ability and ques-
tion dif�culty, such as sampling parameters (e.g., tempera-
ture), whether they use different sets of few-shot examples,
or whether they use chain-of-thought prompting. Future
work should consider incorporating these factors into IRT
for better measurement. Lastly, future work includes im-
proving question reliability with advanced validation, ex-
tending IRT to non-binary assessments (Ostini & Nering,
2006), and applying amortized calibration and question
generation to broader AI, psychometrics, and education as-
sessment domains.

Impact Statement
This paper seeks to contribute to the advancement of Ma-
chine Learning, with a speci�c focus on AI evaluation.
While the societal implications of this work are broad and
multifaceted, we recognize that its applications carry po-
tential risks. The question generator, designed to supple-

ment adaptive testing by generating questions at speci�c
dif�culty levels, demonstrates promising capabilities be-
yond this scope. It has the potential to replace overused
questions, expand existing datasets, or construct entirely
new ones. However, these applications introduce the pos-
sibility of bias in AI-generated questions, which could im-
pact fairness and reliability. To address this, we highlight
the indispensable role of human oversight in reviewing
and re�ning AI-generated content. The question genera-
tor leverages embedding representations to achieve an im-
pressive degree of precision in crafting questions tailored to
speci�c dif�culty levels, often exceeding human intuition.
Yet, human reviewers remain essential for identifying and
mitigating any biases that may arise, ensuring the integrity
and inclusivity of the generated content. This collaborative
approach, integrating the strengths of both human exper-
tise and AI-driven innovation, underscores the importance
of responsible AI deployment in advancing adaptive testing
and related applications.
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