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Abstract (Liang et al, 2022, and AlpacaEvall(i et al., 2023.
The versatility of large language models (LLMs) These benchmarks are comprised of hundreds or thousands
led to the creation of diverse benchmarks thatthor-  of examples, making the evaluation of modern LLMs with
oughly test a variety of language models' abilities. billions of parameters computationally, environmentally,
These benchmarks consist of tens of thousands  and nancially very costly. For examplé&jang et al.(2022
of examples making evaluation of LLMs very ex- report that evaluating the performance of a single LLM

pensive. In this paper, we investigate strategies =~ on HELM costs over 4K GPU hours (or over $10K for
to reduce the number of evaluations needed to  APIs). Benchmarks like AlpacaEvali(et al., 2023 also
assess the performance of an LLM on several require a commercial LLM as a judge to perform evaluation,
key benchmarks. For example, we show that to further increasing the costs. Furthermore, evaluation of

accurately estimate the performance of an LLM a single model is often performed many times to monitor
on MMLU, a popular multiple-choice QA bench- checkpoints during pre-trainin@{derman et al.2023a Liu
mark consisting of 14K examples, it is suf cient et al, 2023 and to explore different prompting strategies

to evaluate this LLM on 100 curated examples. or a wider range of hyperparameteygdber et al.2023h
We release evaluation tools and tiny versions of Mizrahi et al, 2023 Sclar et al.2023 Voronov et al, 2024).
popular benchmarks: Open LLM Leaderboard,

MMLU, HELM, and AlpacaEval 2.0. Our em- 1.0
pirical analysis demonstrates that these tools and IRT++ (error=0.019, r5=0.92)
tiny benchmarks are suf cient to reliably and ef - 5. 0.8 .
ciently reproduce the original evaluation restits ®
S 0.6 4
@©
. kel
1. Introduction L o4
S
Large Language Models (LLMs) have demonstrated remark- £
able abilities to solve a diverse range of tadkeofvn et al, 02
2020. Quantifying these abilities and comparing different
LLMs became a challenge that led to the development of sev- 0-00 6 02 oz e 08 1o
eral key benchmarks, e.g., MMLUHendrycks et a).2020, ' " trueaccuracy '

Open LLM LeaderboardBeeching et a).2023, HELM  Eigyre 1 Estimating accuracy on MMLU (true accuracy) using

!Department of Statistics, University of Michigan, USA 100f CUV?“ed exlamples (predicted adc_curaﬁy). IRT++, our best-
2Department of Translation and Language Sciences, Universitf€/forming evaluation strategy, predicts the accuracy of recent
of Pompeu Fabra, SpaiBM ResearcfMIT *MIT-IBM Wat- LMs released between December 30th and January 18th within
son Al Lab. Correspondence to: Felipe Maia Pelfelipema-  1.9% of their true accuracy on all of MMLU (14K examples).
iapolo@gmail.com .

Our work reassesses the need to evaluate LLMs on such

. st . .
Proceedings of thd1® International Conference on Machine large benchmark datasets. In Figdrere demonstrate the

Learning Vienna, Austria. PMLR 235, 2024. Copyright 2024 by

the author(s). ef cacy of our best evaluation strategy on MMLU, where
To use our methods for efcient LLM evaluation, WE compare accuracy estimates obtained from evaluating
please checkttps://github.com/felipemaiapolo/ LLMs on a curated subset of 100 examples (less than 1%

tinyBenchmarks . This repository includes a Python package of the examples) to accuracy on all of MMLU, achieving
for model evaluatlon and tutorials. Additionally, we have “ploadedaverage estimation error under 2%.

tiny datasets omuggingface.co/tinyBenchmarks
developed &oogle Colab demin which you can easily use our \\e consider a range of evaluation strategie:(§

tools to estimate LLM performances on MMLU. To reproduce the

results in this paper, please check tBitHub repository 1. Strati ed random sampling as proposed Bgrlitz et al.
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(2023 for HELM. This approach is the simplest to use the correct class for faster evaluation on classi cation tasks.

but can result in a large estimation error. One of the approaches we consider is based on an adapta-
2. Clustering examples based on LLMs that have alreadyion of their method to popular LLM benchmarks with more

been evaluated. The key idea is to nd examples wheraliverse tasks.

(in)correct prediction of an LLM implies that it will

also be (in)correct on a subset of other examples. Thiﬁem response theory (IRT) IRT (Cai et al, 2018 Van der
r_nethod performs well in some settings but can .be UNrerinden 2018 Brzeziska 202 Lord et al, 1968 is a well-
liable wheq SPCh correctness patterns are SPUrIoUs, €.Qqtaplished set of statistical models used in psychometrics
when predicting the accuracy of an LLM specialized, o4 re the latent abilities of individuals through stan-
to a domain. This strategy is inspired by the Anchor . i eq testingAn & Yung, 2014 Kingston & Dorans
Points method\(ivek et al, 2023 which clusters mod- 1982 Petersen et 311982, e.g, in GRE, SATetc. Even
els' con dence in the correct class for faster evaluationthough IRT methods have been traditionally used in psy-
on classi cat_|on ta;ks. : chometrics, they are becoming increasingly popular among
3. New strategies built using ”e’_“ Rgsp_opse Theory (IRT) oo archers in the elds of arti cial intelligence and natural
(Lord et gl, 1968 for evalgatlng individuals 'Fhrough language processing (NLP). For instanicalor et al.(2016)
standardized tests. Applying IRT 10 LLMs viewed as ropose using IRT's latent variables to measure language
t_estees and benchmarkg as tests, we I_earn represeritbdel abilities vania et al(2021) employs IRT models in
tions of examples encoding latent ab|I|t|.es required ©the context of language models benchmarking to study satu-
perform well on these examples. Clustering these repréz i, yn-discriminability) of commonly used benchmarks,
sentations aIIow; us to nd a more robust evaluation SetandRodriguez et al(2021) study several applications of
Furthermore, using the IRT model, we develop_tools erIRT in the context of language models, suggesting that IRT
improving benchmark accuracy estimates obtained Wity ye|5 can be reliably used to: predict responses of LLMs

an arbitrary set of examples. in unseen items, categorize itengsq, according to their

We present an extensive evaluation of these strategies dfif culty/discriminability), and rank models. More recently,
four popular benchmarks & Open LLM Leaderboard Zhu_ang et aI(202_3 used IRT for adaptive testing, making
(Beeching et a).2023, MMLU (Hendrycks et a).2020), testing more ef C|eqt. However, the authors do not propose
HELM (Liang et al, 2022, and AlpacaEval 2.0 et al., a performange egymator for LLMs but only rank models
2023. Our goal is to assess the effectiveness of estimaf@sed on their ability parameters. To the best of our kr_low_l-
ing the performance of LLMs on these benchmarks using £99€. IRT has not been used for performance estimation in
limited number of examples for evaluation. Overall, we con-tn€ context of ef cient benchmarking of LLMs. We explore
clude that 100 curated examples per scenario are enough t8iS new path.

reliably estimate the performance of various LLMs, within

about 2% error on average. Based on our ndings we releasgctive testing Another line of related work is related to
tiny (100 examples per scenario) versions of every considactive learning £in-Dor et al, 2020 and especially active
ered benchmark and IRT-based tools for further improvingesting. In such works, evaluation examples are chosen

the performance estimation. dynamically using various criteridi(et al, 2021; Kossen
et al, 2021, Zhuang et al.2023 to minimize annotation
1.1. Related work costs. Those methods are somewhat similar to the adaptive

IRT which we discuss in
Ef cient benchmarking of LLMs  Multi-dataset bench- 8

marks were introduced to the eld of NLP with the advent of
pre-trained models (e.§Vang et al, 2018, and constantly 2. Problem statement

evolved in lockstep with language model capabilitisi{ In this section, we describe in detail the setup we work on

vastava et 8].2022. The ever-increasing size of models and what are our objectives. Consider that a benchmark

and_ datasets consequently led to hi_gh evaluation costs, tri%- composed of scenarios and possibly sub-scenarios. For
gering changes in reported evaluation to accommodate thgxample, MMLU and HellaSwag are examples of scenar-

costs .Biderman et al'2023p' Y.e et aI.(202_3 considered ios® of both the Open LLM Leaderboard and HELM, while
reducing the number désksin Big-bench Grivastava et a|. MMLU has different sub-scenarios like “marketing”, “ele-

2022. Perlitz et al.(2023 found that evaluation on HELM mentary mathematical’, and so on. Furthermore, each sce-

(Liang et al, 2029 relies on diversity across datasets’ but thenario (or sub-scenario) is composed of examples (analogous
number of examples currently used is excessive. We adoQ sitems” in the IRT literature) that are small tests to be

their stratl ed Sa”?p'"_‘g approach as one of the ef cient solved by the LLMs—these examples range from multiple-
evaluation strategie¥ivek et al. (2023 proposed cluster-

ing evaluation examples based on models' con dence in  ?We consider MMLU and AlpacaEval as a single scenario each.
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choice questions to text summarization tasks. Our nalobtainingpj andf w; Giob, -

objective is to estimate the performance of LLMs in the

full benchmark, which is given by the average of the perfor3 1. Strati ed random sampling

mances in individual scenarios (Open LLM Leaderboard,

MMLU, AlpacaEval 2.0) or mean-win-rate (HELM). We [n some settings (e.g., classi ekatariya et al.2019), itis
achieve this objective by rst estimating the performance ofuseful to perform strati ed random sampling — subsample
LLMs in individual scenarios and then aggregating score€xamples ensuring the representation of certain groups of
When scenarios have sub-scenarios, it is usually the caskita. Using subscenarios as the strata for strati ed random
that the scenario performance is given by a simple avegampling was proposed IBerlitz et al.(2023 when sub-
age of sub-scenarios performances. The main concern f&Mmpling examples from HELM scenarios. The authors
that each scenario/sub-scenario is composed of hundreds $powed that this is an effective way of sampling examples

thousands of examples, making model evaluation costly. Without too much loss on the ability to rank LLMs by per-
formance. Examples should be randomly selected from

In this work, for a xed benchmark, we denote the set of ex-gp-scenarios (with uniform probability) in a way such that
amples of each scenajjcasl ; , implying that the totality of  the gifference in number of examples sampled for two dis-
examples in the benchmark is givenby= [ j1;. Whenan  tinct subscenarios is minimal (1). The rationale behind
LLM [interacts with an example2 | ; , the system behind  this method is that, for an effective evaluation, sub-scenarios

the benchmarks generates a score that we call “correctnesghouid be equally represented. The weightsare 15 P j
and denote a¥j . In all the benchmarks we consider in foralli 2 b
] .

this work, the correctness is either binarg,, Y 2 0;1g
(incorrect/correct), or boundede., Y 2 [O; 1]3 denot.ing. 3 2. Clustering
a degree of correctness. The second case is applied in sit-
uations in which, for instance, there might not be just oneAssessing the performance of LLM's on a randomly sam-
correct answer for example To simplify the exposition pled subset of examples suffers from extra uncertainty in the
in the text, we assume that the score for LILh scenario  sampling process, especially when the number of sampled
j is just the simple averagepf the correctness of all itemexamples is small. Instead, we consider selecting a subset of
in that scenario, that iﬁ iz, Yi- Thatis not true representative examples using clusterivigek et al.(2023
when different sub-scenarios have different numbers of exproposed to cluster examples based on the con dence of
amples; in that case, one would just have to use a weighteahodels in the correct class corresponding to these examples.
average instead, to make sure every sub-scenario is equalRRepresentative examples, from these clusters, which they
important (in the experiments, we consider this case). call “anchor points”, can then be used to evaluate models
on classi cation tasks more ef ciently. We adapt their clus-

Our objective is to choose a small fraction of examplestering approach to a more general setting, allowing us to

.pj Ili I§UCh t:;at we ca_r; estlmatte score o1|‘ a &W LLM extract such anchor points for MMLU, AlpacaEval 2.0, and
€. 7 iz, i, USING TS COMTECINESS EvaluaBalyon o scenarios of the Open LLM Leaderboard and HELM.
the examples irpj I, ie, fYj Gizb, - To intelligently

&b ) First, we propose to group examples by model correctness,
chooset) we assume access to correctness evaluations ffpecting some examples would represent the rest. Ideally,

a set of LLMs that have been previously evaluated on thé; examplei is an anchor point, then there will be a big set of
entirety of the benchmark. Such correctness data is free'é‘xamples on which models are correct if and only if they get
available for many popular benchmarks. In the next SeCtiorbxamplei correct. The same idea applies when correctness
we describe strategies on hdﬁ(vcan be chosen and how the g given by a number ifi0; 1]. Assume that we want to
LLMs performance on the full benchmark can be estimatedsg|ectk anchor points and have access to the training set
Dy = fYig2 , , WhereY; is a vector in which each entry
3. Selecting evaluation examples is given by the correctness scorg for all examples 2
) ) ) ) I;. We represent each example | ; by the embedding
In this section, we describe strategies on how to select &%, 2 Rl v which is a vector with entries given by for
amples from a xed scenarip,i.e. |, obtainingpj I | 2 Ly, and then rurK -Means Hastie et al.2009 with
described in Sectio@. Ideally, the set of selected exam- the number of clusters being equal After theK centroids
ples should be representative of the whole set of items iRyre optained, we nd the closest example to each centroid,
scenarig , that s, and each of those points will compoRe For a new LLM
P wiY: 1 P BNV (3.1) | 62 L to be evaluated, we can obtain an estimate for its
izky BT e T ' performance using the estimate in equatiohby setting
for nonnegative weightw; Gi2p, such tha»!D i2b, Wi = 1. w; as the fraction of points ih; assigned to cluster/anchor

In the next paragraphs, we describe two possible ways drointi. This method is compelling and simple in detecting
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anchor points. Still, it can suffer from distribution shifts set, for all examples in all scenarios, including examples
since correctness patterns can vary, in time, and from i 21 ;. Formally, we are interested in approximating

the curse of dimensionality whéehy, j is big. Our second P

approach is intended to be more robust to those problems. Zj ﬁ i20 Yi (4.2)

The second approach we propose is using ite_m responsgow, assume that we have run motieh a subset of exam-
theory (IRT) representation of examples, detailed in Seqles from scenarip, obtaining responsdsy,; Yig
tion 4, as our embeddings;. The IRT model creates a gy the example@,— = fio; ;ixg. LetB denote the

meaningful representation for each exanmipbased on their estimate for | after observinde and possibly a bigger

dif culty and the abilities required to respond to those exam-g¢ o examples coming from different scenarios. To ob-

ples correctly. This approach immediately solves the dimeng,ip, that estimate, we maximize the log-likelihood of the
sionality problem, since; is relatively low-dimensiond|  eshiy observed data with respect fo xing examples'
and potentially alleviates the distribution shift problem if parameters. This procedure is equivalent to tting a logistic

the IRT model reas_onably describes the reality and the e>f'egres:;ion model, which is an instance of the well-studied
ample representations are stable. As IRT should represeft _astimation procedure

which examples have similar dif culty and require similar _ . . .
abilities, the anchors represent exactly what we looked foBecauseZ; is a random variable, we approximate it by
The weightw; is given by the fraction of examples In  estimating the conditional expectation

assigned to cluster/anchor point .
g P E[Z; Jgicﬂ; S Yial =

4. Better performance estimation with IRT Ny PIZI ; BDYi 3 Vi Y]
- 1 4 ¥
In this section, we propose ways of enhancing performance T i2b, Yit o g ;nb; Pi
estimates by using IRT models. We start by discussing _ A : 17 _
. - h H p Y|| + = i p p||
the case wher¥, 2 f 0;1g, that is, thel responds to the ki i2h jlynbjj 1200k

examplei 2 | correctly or not. We later also discuss the

which is the best approximation fds; in the mean-squared-
case wherg; 2 [0; 1].

error sense. Heré, = jpjjzjl il 2 [0;1]is a weight that
gives more or less importance to the observedst the

4.1. The IRT model performance computation depending on how big that set

The two-parameter multidimensional IRT model assumess. The probabilitypy = P(Yy =1 j ; i; i) is given
that the probability of the LLM getting examplé correctly by the IRT model in Equatiod.1 The estimator for the
is given by conditional expectation is then given by
pi, POYa =1 15 i3 0)= Wl.w.) (4.1) 21-',)"RT, BIZi i Yie: i Yidl (4.3)
_ A . 1 A
where | 2 RY denotes the unobserved abilities of LLIV T by 2k Yii jiinbj Q20 0k B

while ; 2 RY dictates which dimensions of are required _ b _
from modell to respond to examplecorrectly. In this wheregy , P(Yy =1 ] B;bi; B). We call the estimator
formulation, ; 2 R can be viewed as a bias term that in 4.3by Performance-IRT (p-IRT) estimator.

regulates the probability of correctness whem 0. We e jdea behind p-IRT is that we can estimate the perfor-
use IRT parameter estimates as example representations;nce of a model on unseen data making use of the IRT
referred to in SectioB. Speci cally, we takeE; = (bi; B),  model. This is especially useful if we can¥ using data

whereb; and B are point estimates for the parameters offrom many scenarios: even though we observe just a few
example. In the next sections, we introduce two estimatorssamples per scenario, p-IRT will leverage the whole avail-
for the performance of an LLM, propose a simple solutionaple data, permitting better estimates for the performance of

for the caser; 62 D; 19, and describe model tting. the LLM for all scenarios. Conditional on the training set,
o the estimator p-IRT has low variance thris obtained
4.2. IRT-based LLM performance estimation from a large dataset and a small bias if the IRT model is

The performance-IRT (p-IRT) estimator. Assume that regsonably speci ed. Q_iven th&t is potentiqlly estimated.
we are interested in estimating the performance of a modé{Sing & large sample, it is worth understanding what that im-

. . -IRT._. . -
1 62 Ly on scenarig and that point estimates of example Plies about our estimaté§}™"'s in the asymptotic regime.
parameters(b; ; b.), have been computed, using a training To facilitate our anally5|s, assume for a moment that the
true values of j; j)'sforalli 21 are known. As pre-

3In our experiments, the dimensionBf is  16. viously commented, estimating is equivalent to tting a
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logistic regression and, under mild conditions, we shouldand the second estimator's variance by zero. When our rst

have”, I | in probability asjﬁ 1 (Fahrmeir & Kauf-
mann 1985. We depart from this condition and show that
iBIZi j Y  Yial EIZjjYie; Yiali! Oin
probability asjh! 1 ;thatis, p-IRT converges in probabil-
ity to the best approximation & , E[Z ] Yi,i; s Yil

Proposition 4.1. Assuming that (if; ! | in probability
asjﬁ 'l and that (ii) the true values df i; i)'s for
alli 21 are known andup,, k ik, cforauniversal
constantc, we have that

iBIZji i Yigrs Vil ElZin | Yir:

JYialit 0

in probability ast I

We note two limitations of p-IRT that can hinder its effec-

tiveness in practice. First, it does not promptly allow sample

weighting, limiting its use of anchor points; second, if the
predicted probabilitieg; 's are inaccurateg.g, because of
model misspeci cation, then the performance of p-IRT wil
deteriorate.

The generalized p-IRT (gp-IRT) estimator. Our nal
estimator builds upon p-IRT to overcome its limitations.
Assume that the estimators in equatidhs and4.3 are
obtained as a rst step after the collection of examplelin
The idea is to compute a third estimai&ff*"~" given by a
convex combination of the rst two

P _
ZPET Ty wiYa (@ 2PN (44

where is a number iff0; 1] that is chosen to optimize the
performance of that estimator. To chooseve rst note

that using random sampling (or anchor points) implies low

Bias but potentially high variance (wheh is small) for

i2b, Wi Yi . As p,— grows, its variance decreases. On the

estimator is obtained by random sampling we take

¥
r2=hj+ B

for two constant$2 andf?. The rst constant”2, is ob-
tained by computing the average sample varianc¥;of

i 21;,across LLMs in the training set. The second con-
stant,f?, is obtained by approximating the IRT bias. We (i)
split the training set into two subsets of LLMs; (ii) t an
IRT model in the rst part using data from all scenarios; (iii)

t the ability parameter for all the LLMs in the second part
using half of the examples of all scenarios; (iv) use that IRT
model to predict the correctness (using predicted probabil-
ities) of the unseen examples of scendrfor the models

in the second split; (v) average predictions and actual cor-
rectness within models, obtaining predicted/actual scenarios
scores; (vi) compute their absolute differences, obtaining
individual error estimates for models; (vii) average between
models, obtaining a nal bias estimate, and then square the
nal number. To give some intuition on howis assigned,
Figure2 depicts as a function oﬁandjpj jwhen”? = .01
From that gure, we see that if the IRT model bias is small,
more weight will be given to p-IRT. The curves are steeper
Whenjp,- j is small because the variance of the rst estimator

decreases faster whlf) j is small. When the rst estima-
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0.6 1
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0.4 /
0 20 40 60
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80 100

other hand, conditional on the training set, the variance ofjgyre 2. Understanding the effect of IRT bias and sample ¢

2P"RTis small, especially wheR is tted with data from

in the gp-IRT construction: both quantities are positively related

many scenarios, but its bias can be high when the IRT modab the weight we give to the raw data in performance estimation.
is misspeci ed and does not vanish with the growing sample

size. Thus, good choice ofincreases witrP,- .

We choose based on a heuristic derived fro®ong
(1988's Corollary 2. It tells us that the optimal linear com-
bination of any two estimatof§; andT; (when the sum of
the weights is one) depends on the biases, variances, a
covariance of the two estimators. If the rst estimator is
unbiased and the variance of the second is zero, we ¢
show that the optimal estimator ig, + (1 )T,, where

= B=(13 + v1), b, denotesfs's bias, andv; denotesf's

al

tor is obtained by a method that implies an estimator with
smaller variancee.g, anchor points, we apply the same
formula but divide*? by a constant 1. By default, we
divide ~? by 4 which is equivalent to halving the standard
ﬁlgviation of the rst estimator.

%3. Using IRT whenY; is not binary

There are situations in whicty 2f 0;1g butY; 2 [0; 1].
For example, in AlpacaEval 2.0, the response variable is

variance. To apply this result, we assume that the main faddounded and can be translated to the intej@dl]. Also,
tors that might prevent gp-IRT from being a good estimatorsome scenarios of HELM and the Open LLM Leaderboard
are the variance of the rst estimator and the bias of thehave scores if0; 1]. We propose a simple and effective x.
second one. Then we approximate the rst estimator's biag he idea behind our method is to binari¢e by de ning a
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second variabl&; = 1[Y; (], for a scenario-dependent described in Sectiorand4. The estimate is then compared
constant. More concretely, for each scenajipwe choose to the ground truthi.e., performance of this LLM on the
c such that entirety of the benchmark.

P P . . . o
202 Yi 21 02l 1Y, ¢ We consider two train-test model split scenarios: (i) random

split and (ii) by dateij.e., using the most recent models for
In that way, approximating the average¥yf andY; should testing. The latter split better represents practical use cases,
be more or less equivalent. Given tivgt 2 f 0; 1g, we can ~ while also being more challenging as it is likely to result in

use the standard IRT tools to model it. a distribution shift between the train and test models due to
improving model capabilities over time that might affect the
4.4. Fitting the IRT model effectiveness of anchor points and the IRT model.

For the estimation procedure, we resort to variational infer- . )
ence. In particular, we assume that N( 14:1=u Iq), Benchmarks and models We describe the size and com-

. N( 1g:1=u lg),and ; N( :1=u ). To take position of the four benchmarks, as well as the correspond-

advantage of software for tting hierarchical Bayesian mod-"9 LLMs (see AppendiD for additional details):

els (Lalor & Rodriguez 2023, we introduce (hyper)priors « HuggingFace's Open LLM LeaderboarBideching et a).

for the prior parameters N (0;10), u (1:1), 2023 consists of 6 scenarios, approx. 29K examples in
N (0;10), u (1:1), N (0; 10), and total. Performance on each of the scenarios is measured

u (1;1). Finally, to obtain point estimates for the  with accuracy and the overall benchmark performance is

model and example-speci ¢ parameters i, and i, we equal to the average of scenario accuracies. We collect

use the means of their variational distributions. To select evaluation results for 395 LLMs from the Leaderboard's
the dimension of the IRT model during the tting procedure, website and use 75% for training and 25% for testing
we run a simple validation strategy in the training set and (split either randomly or by date as described above).
choose the dimension that maximizes the prediction powed MMLU (Hendrycks et a).2020 is a multiple choice QA

of the IRT model in the validation split-we consider the scenario consisting of 57 subjects (subscenarios) compris-

dimensions irf 2;5; 10; 15g. ing approx. 14K examples. Performance on MMLU is
measured by averaging the accuracies on each of the cate-
5. Assessing evaluation strategies gories. MMLU is one of the 6 scenarios of the Open LLM

Leaderboard and we consider the same set of 395 LLMs
We assess the ability of the considered evaluation strategiesand train-test splits. The reason to consider it separately is
to estimate the performance of LLMs on four popular bench- jts immense popularity when comparing LLMEo{vron
marks. For a given LLM and a benchmark, each evaluation et al, 2023 Achiam et al, 2023 Team et al.2023 and
strategy estimates the performance using evaluation resultsinclusion into several other benchmarks.
of this LLM on a given number of examples. We then com-« For HELM (Liang et al, 2022, we use HELM Lite v1.0.0,
pare this estimate to the true value, the performance of  which has the 10 core scenarios (total of approx. 10K eval-
this LLM on the complete benchmark. uation examples) and 30 models that have their perfor-

mances registered for all scenarios. Performance metrics
Evaluation pipeline For each benchmark, we rstcollect  for each scenario vary and can be non-binanyg( F1

publicly available correctness daté(s) for a set of LLMs score), and the overall performance on the benchmark is
L that have been previously evaluated on this benchmark. measured with mean win rate across scenarios. For this
Recall that the benchmark is a set of example®nsisting benchmark, the dates models were added are not available.
of J disjoint scenarios examplés such that = [ j25)l;. Instead, we split models based on the organizations that
We use correctness data corresponding to a subset of LLMs trained them to create more challenging train-test splits,
Ly, ie, Dy = fYjgaL, iz to (i) nd anchor points e.g, all OpenAl models are either in train or in test. For

f\j for each one of the scenarips2 [J] as described in the random train-test split we use 11-fold cross-validation.
Section3 and (ii) to obtain estimates for the IRT parameters That is, we partition the set of all LLMs inflo = 11 parts

f( i; i)gi2 asdescribed in Sectigh We call this “train” and, for each one of these parts, we use one of them to
set of models as their correctness data is used to identify test andk 1 parts for training. Then, we average the
anchor points and t the parameters associated with our results over the choice of the testing part.

evaluation strategies. The remaining set of “test” model® AlpacaEval 2.0 (i et al., 2023 consists of 100 LLMs

L is used to quantify the error of our evaluation strategies evaluated on 805 examples. Although it is a fairly small

in practice. For each LLM in the test sét2 L, we benchmark, evaluation is expensive as it requires GPT-4
observe its correctness on the anchor poirgs,f Yj g, , f o as a judge. For each input, GPT-4 compares the responses
and use it to obtain benchmark performance estimates asof a candidate LLM and a baseline LLM (currently also
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Figure 3.Performance estimation error per benchmark (columns) tested on random (top row) and recent (bottom row) LLMs for increasing
number of evaluation examples. 100 examples per scenario is suf cient to ach#8geaverage performance estimation error across
benchmarks and evaluated LLMs. This corresponds to 600 out of 29K examples for Open LLM Leaderboard, 100 out of 14K examples
for MMLU, 1000 out of 10K examples for HELM, and 100 out of 800 examples for AlpacaEval 2.0.

GPT-4) and declares a winner. The average wirfriate per dataset or scenario. For example, for MMLU this
used to measure the overall performance. When splitting reduces the evaluation cost by a factor of 140 (from 14k
the data by date, we pick5% most recent models for  to 100). For Open LLM Leaderboard even 30 examples
testing and the rest for training. For the random split, we per scenario is enough, reducing the evaluation cost by a
employ 4-fold cross-validation analogous to HELM. factor of 160 (from 29K to 180).

» Most strategies perform well when there is a temporal

Evaluation strategies We consider 3 strategies presented SNift between the train and test LLM's (see the lower row

in §3 for selecting a subset of examples for ef cient evalua- ©f PIOts in Figures for the results with “by date” split).
tion: “random” for strati ed random sampling, “correctness” Thus our approaches for reducing evaluation costs remain

for clustering correctness of models in the train set, and Practicalwhen evaluating the performance of newer, more
“IRT" for clustering the example representations obtained €&Pable LLMs and can help save GPU hours when evalu-
from the IRT model t on the train set. For each strategy, ating future LLMs and/or checkpoints during pre-tra|_n|ng.
we evaluate the vanilla variatione., simply using the per- ° IRT-based methodSIRT" and “IRT++") pgrform consIs-
formance of a test LLM on the (weighted) set of selected tently well across b_enchmarks. and train-test splits. The
examples to estimate its performance on the full benchmark, 9P-IRT (“++”) variation always improves or matches its
and “++" variation that adjusts this estimate using the IRT Vanilla counterpart, while adding only a few seconds to
model as described in equati¢h4). In total, we assess six e evaluation time (see Figus). Thus we use the

evaluation strategies. Results are averaged over 5 restarts. |RT-based anchor examples to consiriry versionstiny
versions (100 examples per scenario) of each of the bench-

. , , ) . marks and release them along with the gp-IRT tool (code
Key ndings We investigate the effectiveness of strategies and pre-trained IRT model) for ef cient evaluation of
as we increase the number of examples available for evalu-¢ +re | L Ms. We present additional evaluations of tiny-
ating test LLMs. Results for both train-test split scenarios  ganchmarks in Figuré for one of the 5 random seeds in
are presented in Figufe(see also Figuré4for Spearman's hich the random sampling underperforms. In Appendix
rank correlations). Our main conclusions are: B, we conduct an exploratory analysis of the examples

« Our approach to reducing evaluation costeffective comprising tinyMMLU.
The best-performing strategies achieve estimation error

within 2% on all benchmarks with 100 examples or IessSpecialized LLMs In our previous experiments the test

“AlpacaEval 2.0 considered in the experiments uses continuou§€t of LLMs consisted of either a random subset of mod-
preferences instead of binary. els or the most recent ones. Both of these test sets are
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Figure 4.Predicted performance compared with true performance for the four benchmarks (columns) and recent LLMs. We verify the
ef cacy of the evaluation strategies (IRT and IRT++) we chose to construct tinyBenchmarks.
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Figure 5.Estimation error on specialized LLMs (right) compared © 0.3 0.4 05 0.6 0.7 0.8
to error on random LLMs (left) on MMLU. Correctness-based true accuracy

example selection is affected the most by this distribution shift. Figure 6.Spread of estimation errors across a random subset of
LLMs with varying capabilities on MMLU. The error tends to
be slightly lower for more capable models. The worst case error

. . . across almost all models is 4%.
dominated by base and instruction-tuned LLMs. Here we

assess the ability of the considered strategies to predict the
performance of specialized LLMse., models ne-tuned 6. Conclusion
for speci ¢ domains such as code, biology, or nance. We ~*

consider MMLU benchmark and collect a new hand-picked|n this paper, we demonstrate it is possible to accurately as-
test set of 40 specialized models. Such models are likely t@ess the capabilities of LLMs with a fraction (sometimes two
have unique strengths and perform well in speci ¢ MMLU orders of magnitude smaller) of the examples in common
categories while relatively underperforming on others. Thuspenchmark datasets by leveraging models of educational
their correctness patterns mlght be different from those il'hssessments from psychometrics_ This leads direcﬂy to
the train set, posing a challenge for our evaluation strategiegavings in terms of the monetary costs associated with eval-
We present results in Figufe uating LLMs, but also the computational and environmental

As we anticipated, the correctness-based anchor strateG§Sts: .For practitio_ners, the computational cost savings are
deteriorates when tested on specialized LLMs. In contrastSPecially convenient because they enable them to evalu-
to the IRT-based anchors that are only slightly affected@t® LLMs more frequently during ne-tuning and prompt
demonstrating their robustness and supporting our choice tg"9/N€erng.

use them for tinyBenchmarks construction. Based on our results we are releasing tinyBenchmarks, pre-
selected subsets of examples from the widely adopted LLM
benchmarks. tinyBenchmarks are simply small datasets that
- e N , are straightforward to use to evaluate LLMs cheaply. We
view of the estimation error of the best performing “IRT++" 6 5154 releasing an IRT-based tool to enhance performance
evaluation strategy on MMLU with 100 examples. In Figure egimation. The tool provides code and IRT parameters

6 we plot estimation error against the actual accuracy of 99yined on the corresponding benchmarks and can be run on
test LLMs for a random train-test split. Our strategy cang cpy in a few seconds.

estimate the performance of more capable LLMs slightly
better, although there is no strong dependency. We alsg ;

’ L .1. Extensions
note that the estimation error never exceeds 4% (except for
one LLM with extremely low performance). Recall that the Prompt evaluation A persistent challenge in prompt-
average error is 2% as shown in Figiesupporting the  based model evaluation is the in uence the prompting setup
reliability of our evaluation approach. has on model predictions (seeg, Lu et al, 2022 Mishra

Estimation error analysis We present a more detailed
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Figure 7.Estimation error when predicting the performance of prompt templates. The results demonstrate that using our methods for
ef cient prompt-based model evaluation is a promising application.

et al, 2022 Min et al, 2022 Yoo et al, 2022 Weber etal.  takes over 5 minutes to run, which might not be as appealing
2023h Wei et al, 2023. We can use the previously de- practically.

scribed approaches to make predictions across different
prompting setups. This way, we can estimate how well a 012
model will do on a new set of prompts using just a few
evaluations, or how a new model will perform on a given
prompt. To test this idea, we train an IRT model on the
prediction data fronWeber et al(20233, containing evalu-
ations of eight LLaMA LLMs (vanilla or instruction tuned
on the Alpaca self-instruct datas@quvron et al. 2023
Taori et al, 2023 for the ANLI datasetNie et al, 2020. 0.00 o m o s 100

The dataset consists of evaluations of the 750 data points number of seen samples

wrapped with 15 different instruction templates sourced  Figure 8.Preliminary adaptive testing results on MMLU.
from the promptsource collection (PBach et al.2022.
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Similarly to our previous experiments, we evaluate randong_2. Limitations

splits and splits featuring distribution shifts (across model

sizes and different instruction templates). For model sizel e main limitations of the methods described in this paper
we put all models with sizes 7B, 13B, and 30B in the train-ar¢ related to potential severe distribution shifts. Taking
ing set while the models with size 65B go to the test set. FoMMLU as an example, we anticipate larger performance
splits related to prompts templates, we consider two differestimation errors for models that fail on simple questions
ent approaches: rst, we conduct a 2-fold cross-validationvhile answering complicated ones correctly, thus altering
rotating instruction templates; second, we consider using thE'€ correctness patterns. This might be caused by signi cant
same and different instruction templates in the in-context@rchitecture or pre-training data changes. A rapid increase
learning examples and in the input example alternating thé) LLM capabilities may also cause extrapolation errors.
strategies in the training and test sets. Results in Figurd alleviate these problems, we recommend periodically
7 suggest that prompt-based model evaluation can be efupdating the curated examples and IRT parameter estimates
ciently carried out with the methods introduced in this work,Using data from more modern LLMs.

even in the presence of several practical distribution shifts.
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A. Evaluation when subscenarios have different number of samples

Suppose we want to estimate the performance of a scenadnch is composed ddj subscenarios. Denote the set of
examples in each subscenarig cﬁg ik » for |5 211, ;si9 Thenl; = [kl , with disjointl j 's. For a given LLMI,
our main goal is then to estlmafe K ” 7 iz, Yi. Seethatwe can write

P ., P P P 1 _ P | _
5 ki izljkYil‘ ki20 sjj|,iji|‘ i2IJ‘iY”'

This tells us that we can represent the performance of madeha weighted average instead of a simple average. In our
code!;, jl;j !i'sarecalledbalance _weights and!;'s are callechormalized _balance _weights . In Section

3, when computing the estimates using the strati ed random sampling strategy, the weights for each example are still given
by 15 f‘,— j (because subscenarios should already be equally represented) but when using the clustering ideas, the weight for
each anchor point is given by the suml gfs of all items in its cluster. We do not apply any weighting when tting the IRT
models but only when computing the p-IRT (and gp-IRT) estimate:

P A P
p-IRT _ .
2'| T by 2k Yy + lllnpjj i21 ;nb; Lip:

B. tinyMMLU

To construct tinyMMLU we chose 100 examples and weights identi ed by the IRT anchor point approach (“IRT”)
corresponding to the best test performance (across random seeds) in the experiment presented in the top paB af Figure
MMLU. For comparison, we analogously selected 100 examples with the correctness anchor point method.

To better understand the composition of tinyMMLU, in Fig@reve visualize the distribution of the weights of the selected
examples and compare it to the weights of the correctness anchors. Recall that weights are non-negative and sum to 1.
If an item has a weigh:1, for example, that item has a contributionkifin the nal estimated score. From Figure

9, we can see that tinyMMLU has more uniform weights compared to its correctness-based counterpart. We measure
uniformity through the effective sample size (ESS) of the example weights. ESS, traditionally used in the Monte Carlo
and domain adaptatioiElvira et al, 2022 Maia Polo & Vicente 2023 literature, measures weight inequality in a way

such thaESS= 0:50, for example, informally means that the corresponding weighted average is in uenced [B08fly

of (uniformly weighted) examples. In the context of our problem, more uniform weights of tinyMMLU contribute to its
robustness when evaluating LLMs with varying correctness patterns, such as specialized LLMs ilbFigure

We also investigate the total weight of the tinyMMLU examples within each of the 57 subjects in Elgyurbe highest
weighted are “high school psychology”, “elementary mathematics”, and “professional law”. Interestingly the weight of the
subjects is fairly different from its correctness-based counterpart.

B correct. (ESS=0.53)

1 4
00 IRT (ESS=0.85)

density

04 . . . . .
0.00 0.01 0.02 0.03 0.04 0.05 0.06
examples weights

Figure 9.Comparing the spread of examples weights using both the IRT and correctness approaches to nd anchor points. We see that
weights inequality is much higher when we cluster examples using correctness.
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Figure 10.Weights given to MMLU subscenarios by the two anchoring methods.

C. Proof of Proposition 4.1
Proof of propositiod.1 See that

~ P

jE[Zu iYie:  3Yial EZijYi: Yl HTTJJ ” ,-nbjj "> Yo i
ﬁ i21  nb, TGEE)
m i2|,-nbjk ik, T 5
ch 1o

2

in probability asjh I'1 . The second step uses the fact thas 1/4-Lipschitz and the third step applies Cauchy-Schwarz
inequality. O

D. More details about benchmarks

» HuggingFace's Open LLM Leaderboar@deching et a).2023: the data from this benchmark is composed of 395 LLMs
and approx. 29k items that were downloaded from the platform in January/2024. To extract data from those models, we
Iter all models from the platform that have an MMLU score ove8, order them according to their average performance,
and equally spaced selected models. Then, we kept all models that had scores for all six scenari@aART &,
2018, HellaSwag Zellers et al. 2019, MMLU (Hendrycks et a).2020, Truthful QA (Lin et al,, 2021), Winogrande
(Sakaguchi et al2021), and GSM8K Cobbe et a].202]). In a second round of data collection, we collected data for 40
“specialized models” by recognizing which models were ne-tuned to do the math, cadmnglhe two sets of models
have an intersection, and in total, we have collected data from 428 LLMs.
* HELM (Liang et al, 2022: we use HELM Lite https://crfm.stanford.edu/helm/lite ) v1.0.0, which is a
dataset composed of 37 LLMs and approx. 10k evaluation examples from 10 scenarios. The scenarios are OpenbookQA
(Mihaylov et al, 2018, MMLU (Hendrycks et a).2020, NarrativeQA Kocisky et al, 2018, NaturalQuestions (closed-
book) Kwiatkowski et al, 2019, NaturalQuestions (open-book), Matidndrycks et a).2021), GSM8K (Cobbe et a|.
202)), LegalBench Guha et al.2024), MedQA (in et al, 2021), WMT14 (Bojar et al, 2014).

50n the leaderboard. The actual score we use can be different because we use the last submission to the leaderboard, while the
leaderboard shows the best results among all submissions.
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E. Extra results
E.1. Robustness in predicting performance in a longer time horizon

We conduct extra ablation studies placing 75% of the data in the test set. For the Open LLM Leaderboard and MMLU, it
means we are using 3 months of future data as the test set (vs. approx. 3 weeks in the main text) while for AlpacaEval 2.0
that would correspond to 6 months (vs. approx. 2 months in the main text). In general, we show that our main method
“IRT++" is pretty robust to the advancements in the eld when predicting the performance of new LLMs. We report in the
following plots the average estimation error in the test set (using 75% of the most recent data in the test set) and standard
deviation across LLMs. The results do not differ considerably from the ones in the main text.

Open LLM Leaderboard MMLU AlpacaEval

0.10 0.10 0.10
5 0.08 0.08 0.08 - ¥ random
) ¥ correct.
‘Q; 0.06 0.06 0.06 T RT
Q8 random++
275 0,04 0.04 A 0.04 - i
g% E ¥ corect.++
3% 0.02 I 0.02 - } 0.02 - I H IRT++
@
Q

0.00 0.00 - T T T T T 0.00 - T T T T T

100 0 20 40 60 80 100 0 20 40 60 80 100
number of examples (per scenarlo) number of examples number of examples

Figure 11.0ur methods are robust in predicting performance in a longer time horizon

E.2. How costly is it for strati ed random sampling beat IRT++ with larger samples?

We present results comparing IRT++ and strati ed random sampling for a larger number of evaluation exaniptes

Open LLM Leaderboard 400 examples per task (2400 total) are enough to match IRT++ with 100 examples per task (600
total). On MMLU, random sampling improves quite slowly and would requi#®0 examples to match IRT++ at 100. On
AlpacaEval, random with 200 examples matches IRT++ with 100 examples (note that AlpacaEval is a small benchmark
with 805 examples total, but evaluation requires GPT-4 and is thus quite expensive). We use the random split for the LLMs,
implying no distribution shift between train and test.

Open LLM Leaderboard MMLU AlpacaEval

0.04 0.04 0.04
. 5 5
2 o003 3 0.03 5 0.03 A ¥ random
@ 5 s I correct.
ES B K] I T
oo i o} © |
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Figure 12.Benchmark results for different methods and sample sizes

E.3. Running time

We record the running time of IRT inference (ability parameter tting) when running our experiments. In Egweshow
that the average running time is fairly negligible.
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Figure 13.Average running time by the amount of test examples: IRT inference.

E.4. Rank correlation results

In this section, we explore versions of Figu@and5 when we look at rank correlation (correlation between true and
predicted ranking) instead of performance. It is clear from the plots below that our method can be used to rank models
ef ciently with tiny samples.

Figure 14.Rank correlation for true performance and predicted performance among LLMs.
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Figure 15.Rank correlation for true performance and predicted performance among LLMs in MMLU. The plot on the left represents a
random split of the data while the plot on the right considers specialized models as the test set.

E.5. Adaptive testing

In this section, we complement the results shown in Figuia all benchmarks.
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Open LLM Leaderboard MMLU HELM AlpacaEval
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Figure 16.Results of adaptive testing for different benchmarks.

F. Individual performances per scenario

In this section, we explore what is behind Fig@rby looking in detail at results for individual scenarios for the Open LLM
Leaderboard and HELM. It is clear from the following plots that there are scenarios in which our methods shine more than
others.

F.1. Open LLM Leaderboard

Figure 17.ARC
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Figure 18.GSM8K

Figure 19.Truthful QA

Figure 20.HellaSwag
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Figure 21.MMLU

Figure 22.Winogrande
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F.2. HELM

Figure 23.0penbookQA

Figure 24.GSM
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Figure 25.LegalBench

Figure 26.Math

Figure 27.MedQA
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Figure 28.MMLU

Figure 29.NarrativeQA

Figure 30.NaturalQA (closed book)
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Figure 31.NaturalQA (open book)

Figure 32.WMT14
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