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Abstract

Selecting a high-performing LLM configuration
increasingly requires comparing many candidate
models, prompts, or decoding settings under lim-
ited evaluation budgets. Exhaustively evaluat-
ing every candidate on every benchmark example
can be expensive, and each additional query in-
curs costs such as API pricing, token usage, la-
tency, or human grading effort. We formulate
this configuration-selection task as cost-aware
Bayesian bandit evaluation and propose a Git-
tins index policy that treats each configuration’s
benchmark performance as latent, updates pos-
terior uncertainty, allocates queries according to
their value of information, and provides a stop-
ping signal. The method combines sample effi-
ciency with computational efficiency: after pre-
computing Gittins indices for the Gaussian poste-
rior dynamics induced by batch-mean approxima-
tions, online allocation only requires table lookup
and posterior updates, and it naturally handles
varying evaluation costs. Across GSM8K, PIQA,
and MMLU response matrices, Gittins shows
two clear gains: on large-example benchmarks
it substantially outperforms configuration-level
Bayesian optimization, and on large-candidate
MMLU tasks it substantially outperforms cost-
unaware frequentist bandit baselines. Its stopping
rule often reduces the evaluation budget after re-
gret has flattened.

1. Introduction

Modern LLM evaluation is no longer a passive reporting
exercise. A single evaluation study may compare dozens
of model checkpoints, prompts, decoding rules, retrieval
pipelines, or fine-tuning recipes across benchmarks such as
GSMSK, PIQA, and MMLU (Cobbe et al., 2021; Bisk et al.,
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2020; Hendrycks et al., 2020). Running every candidate on
every example is simple, but often wasteful: weak candi-
dates can be identified early, strong candidates deserve more
measurement, and different systems can have very different
inference costs. As evaluation moves from one-off leader-
boards toward recurring deployment decisions, the evaluator
needs an adaptive rule for deciding which candidate to test
next and when enough evidence has been collected.

This perspective naturally suggests a bandit formulation.
Prior work has used bandit and racing ideas to accelerate
language model evaluation, including frequentist best-arm
identification methods and variance-reduction heuristics tai-
lored to benchmark matrices (Zhou et al., 2025; Polo et al.,
2024). UCB-E treats the problem as fixed-budget best-arm
identification, while UCB-E-LRF augments this allocation
rule with a low-rank model of correlations in the response
matrix. We also compare with configuration-level Bayesian
optimization (BO) (Snoek et al., 2012), which evaluates full
configurations. These methods are compelling because they
convert an offline response matrix or benchmark dataset
into an online allocation problem, where the goal is to find
a high-performing configuration with small evaluation cost.
However, many LLM evaluation settings also contain useful
prior information. Historical benchmark results, model fam-
ily metadata, pilot runs, or domain expertise can all inform
beliefs about likely performance before the current evalua-
tion starts. A Bayesian formulation provides a principled
way to encode such information and to update it as new
benchmark observations arrive.

Our experiments show two distinct regimes. On
large-example benchmarks such as GSM8K and PIQA,
configuration-level BO spends each query on a complete
candidate evaluation, while Gittins can distribute partial
batches and reaches low regret much earlier. On MMLU,
where each subject contains 1500 candidate model-template
arms, Gittins is much stronger than cost-unaware frequentist
bandit rules because it combines posterior uncertainty, prior
information, and evaluation cost in one allocation index.

We introduce a Gittins index policy for cost-aware Bayesian
bandit evaluation of LLMs. Each arm represents an LLM
configuration, its latent mean is the benchmark score we
wish to estimate, and each pull queries the configuration on
benchmark data. The evaluator observes a noisy score and
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pays an arm-dependent cost. The final decision is the recom-
mended arm, so performance is measured by the quality of
this recommendation as a function of cumulative evaluation
cost, rather than by cumulative reward during evaluation.

Our main methodological choice is to use Gittins indices
for this Bayesian evaluation problem. Under a Gaussian
approximation to batch-mean benchmark observations, the
posterior mean of each arm evolves as a Gaussian random
walk whose variance decreases deterministically with the
number of observations. The resulting Gittins index is an
interpretable priority score: it is high when an arm cur-
rently looks good, remains uncertain enough to justify more
measurement, and is cheap enough to evaluate.

Our contributions are:

* We formulate LLM evaluation from benchmark data as
a cost-aware Bayesian bandit problem in which query
costs can reflect API pricing, token usage, latency, or
other evaluation costs.

* We derive a Gittins index policy under a Gaussian ap-
proximation to batch-mean observations and show how
the posterior random-walk structure enables efficient
offline index precomputation and online table lookup.

* We extend the policy to varying model costs through
cost normalization, allowing adaptive allocation to
trade off information value against evaluation expense.

* We compare against UCB-E, correlation-aware UCB-
E-LRF, and configuration-level BO, finding gains over
BO in large-example settings and over cost-unaware
frequentist bandits in large-candidate settings, plus a
practical early-stopping signal.

1.1. Related Work

Efficient LLM evaluation Efficient LLM evaluation has
recently been studied as an adaptive sampling problem.
Zhou et al. (2025) propose methods for speeding up lan-
guage model evaluation, including UCB-E-LRF, which ex-
ploits low-rank structure in response matrices to share infor-
mation across arms and examples. Shi et al. (2024) intro-
duce TRIPLE, an elimination-based approach that combines
successive halving with a linear model that predicts final
arm performance from partial evaluations. Their response-
matrix setup is closest to our fixed-cost-budget reporting
view: adaptive evaluation proceeds under unit costs and is
judged as best-arm identification, especially the probability
of selecting the best arm. We instead report simple regret
and allow varying evaluation costs. Polo et al. (2024) pro-
pose PromptEval for efficient multi-prompt evaluation and
emphasize that evaluation effort can be saved by exploiting
structure across prompts and tasks. Our work shares the

same goal of reducing benchmark evaluation cost, but dif-
fers in its Bayesian bandit treatment of uncertainty and its
use of Gittins indices.

The Gittins Policy The Gittins index is a classical design
principle for sequential decision making under uncertainty
(Gittins et al., 2011; Scully & Terenin, 2025; Xie et al.,
2024). It converts certain multi-armed allocation problems
into independent single-arm stopping problems, produc-
ing an index for each arm and selecting the arm with the
largest index. The terminal-reward formulation we con-
sider is closer to finite-horizon Bayesian stopping problems
than to the traditional infinite-horizon bandit objective that
maximizes cumulative discounted rewards during play: eval-
uation scores are measurements, while utility is obtained
through the final recommendation after paying query costs.
Up to an additive best-arm value, this trades simple regret
against cumulative evaluation cost. We use the Gittins prin-
ciple as the basis for an adaptive LLM evaluation policy.
The key technical convenience in our setting is that the
Gaussian batch-mean approximation makes each arm’s pos-
terior mean follow a Gaussian random walk, which allows
efficient precomputation of the index schedule.

2. Cost-Aware LLM Configuration
Recommendation

2.1. Arms, Examples, and Latent Performance

We consider an evaluation study with K candidate LLM
a model, prompt, decoding configuration, retrieval pipeline,
or any other deployable system whose benchmark perfor-
mance is to be estimated.

A benchmark supplies a finite collection of examples, but
the policy does not need to condition on the identity of
a particular example. Let Zy;j denote the primitive score
obtained by evaluating arm K on example j. We model
these example-level scores as samples from an arm-specific
distribution with latent mean . In a finite response matrix,
this is the population-model approximation to randomized
sampling without replacement from the corresponding row.
Adaptive evaluation reveals only selected scores from these
potential outcomes. The score may be a bounded accuracy
score, a normalized human or LLM-judge score, a task-
level utility, or another scalar evaluation outcome. Binary
correctness is a common special case, where Zy;j 2 10; 19
indicates whether the model answered the example correctly.

The evaluator’s goal is to recommend an arm with large
latent mean  while spending as little evaluation cost as
possible. Each pull incurs a cost Cx = 0, or an effective cost
after rescaling raw monetary or computational costs into the
same utility units as benchmark performance. In LLM eval-
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uation, cost can be tied to API pricing through input-token
and output-token charges, and may also include latency,
local compute, or human grading effort. Prior efficient-
evaluation work is often cost-unaware in this sense: Ban-
ditEval (Zhou et al., 2025) considers UCB-E (Audibert &
Bubeck, 2010), a frequentist fixed-budget bandit method,
together with UCB-E-LREF, its low-rank response-matrix
variant, and both treat evaluations as unit-cost allocations.
TRIPLE (Shi et al., 2024) and PromptEval (Polo et al., 2024)
similarly focus on the special case ¢ 1.

2.2. Adaptive Evaluation and Recommendation

At global time t, an adaptive evaluation policy can depend

on the history
He = f(As; Ys;Ca,) 0 S to:

Here Ys denotes the scalar observation returned by the Sth
allocation step; it may be a single example-level score Za;j
or a batch average of several such scores. We use the term
policy broadly: includes the rule for selecting the next arm
Ay, the rule for deciding whether to stop at an endogenous
stopping time T, and the final recommendation rule that

so far. In fixed-budget experiments, the stopping rule is
replaced by the budget constraint, but the same policy still
produces an anytime recommendation after each step.

When a finite per-arm evaluation horizon is imposed, an
arm is completed once it reaches that horizon. The stopping
and recommendation rule then specifies whether evaluation
should continue or terminate based on the current arm states
and posterior beliefs.

2.3. Objectives

We consider two cost-aware formulations. The first is the
fixed-cost-budget objective. Unlike standard stochastic ban-
dits that optimize cumulative rewards from the arms played
during evaluation, the observed scores here are measure-
ments of benchmark performance. The payoff is the quality
of the terminal recommendation, so this objective is finite-
horizon and undiscounted. For a budget C, the policy is
evaluated by minimizing simple regret subject to the cumu-
lative evaluation cost remaining within budget:

min E max i g subject to

Because  is latent, experiments with completed response
matrices report regret using the finite-matrix row mean

mat:l)(

= Zia (1)

i=1

as a plug-in proxy for k. This lets us compare adaptive poli-
cies using only the entries they reveal online while still mea-
suring regret against the best arm in the completed bench-
mark matrix.

The second formulation lets the terminal time be adaptive
rather than fixed in advance. For a stopping time T, the
objective is " #

X

E Re Ca.

t=1
If raw costs Ck are measured in dollars, seconds, or tokens,
we write Cxk = Ck for a cost scale that converts them
into benchmark-score units. This objective trades final rec-
ommendation quality against the cumulative cost of the
measurements used to make that recommendation.

3. Gittins Index Policy for Cost-Aware
Bayesian Evaluation

Our goal is to adaptively estimate the mean benchmark
performance of each candidate LLM configuration while
accounting for varying evaluation costs. Each arm has an
unknown mean score. In our implementation, one allocation
to an arm returns the average score over a batch of random-
ized benchmark examples, and we treat this batch average
as a noisy measurement of the arm’s latent performance.

The algorithm has two components. First, it maintains a
Bayesian posterior distribution over each arm mean and
updates that posterior after every observed batch average.
Second, it uses a cost-aware Gittins index to decide which
arm is worth measuring next. The index is high when an
arm currently looks promising, remains uncertain enough
that new evidence could change the final recommendation,
or is inexpensive to evaluate. The policy stops when an
arm attaining the largest Gittins index has reached the finite
evaluation horizon, and then recommends a completed arm
with the largest posterior mean. Figure 1 summarizes how
posterior beliefs, Gittins indices, benchmark batches, and
the response matrix interact over one iteration of this loop.

3.1. Bayesian Bandit Model

We use the Bayesian bandit model as a way to update beliefs
about the latent benchmark mean  of each arm. This dif-
fers from frequentist allocation rules such as UCB-E, which
build confidence bounds from empirical estimates. Here
the evaluator starts with a prior belief, observes benchmark
evidence, and converts that evidence into a posterior belief
about each .

After n local pulls of arm K, let Dy denote the observations
collected from that arm. The posterior distribution given
Dk:n summarizes the current belief about . If evaluation
stops, the posterior expected reward from recommending
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Figure 1. Overview of the proposed Gittins-index evaluation framework. The policy maintains posterior beliefs over candidate LLM
configurations, computes Gittins indices to adaptively select the next arm batch to evaluate, observes benchmark responses from the
response matrix, and updates the posterior iteratively until the evaluation budget is exhausted or a stopping condition is met.

arm K is its posterior mean y.n = E[ k j Dk:n], so the
recommended arm is arg maxy k:n-

A pull may evaluate one example or a batch of examples.
Following the notation in Section 2, let Zy:j be the example-
level score for arm K on example j. If the ith pull of arm k
evaluates batch By of size B, the scalar observation used
for posterior updating is the batch mean

_ 1 X

Yki=x Zij:
j ZBk;i

The batch mean has conditional mean . Let ,f denote
its conditional variance, so that, by the central limit the-
orem, Y ki j « is approximately N ( ; E) as a Gaus-
sian approximation. In the common binary-accuracy case,

2= k(1  k)=B. For simplicity and efficient index com-
putation, we use a fixed approximation  to the batch-mean
variance; Section 3.4 describes this choice.

We use the Gaussian prior-likelihood approximation

k N(ovo);  Yid k N(ik %
where 2 is the fixed observation-noise variance in the like-
lihood. To state the update compactly, fix a representative
arm and suppress the arm index, writing , Dn, n, Vn, and
Y n+1. The posterior after n local pulls is

j Dn N( n;Vn);
with update
1
Vo+1 = Vplid 2T
Y — 2
n+1 = n+7n(Yn+1 n):

When Eq. (2) is applied to arm K in Algorithm 1, the sym-
bols are read as  k:n, Vk:n, and Vk;nﬂ. Under fixed 2, the
variance schedule for this representative arm is deterministic.
In particular, the one-step variance reduction is

Va .
Vn+ 2’
Thus arms share the same variance schedule at a given local
pull count only when they also share the same initial vari-
ance Vo and fixed noise 2; with arm-specific prior variances
or noise levels, the same update gives arm-specific deter-
ministic schedules. The next step is to use these posterior

updates not only to summarize current evidence, but also to
decide which arm should be evaluated next.

Vn  Vn+1 =

3.2. Posterior Dynamics and the Gittins Policy

The posterior update also tells us what could happen to an
arm’s posterior mean if we evaluate it again. Let S, denote
the posterior mean of a representative arm after n local
pulls, viewed as a random variable over future observations.
Conditional on the current realized state S, = S, selecting
the arm gives

Vi
Vn+ 2
Fix a finite per-arm horizon H, measured in local pulls, so
that an arm is completed after H batch evaluations. The
arm state is therefore (Sp; n): the posterior mean follows a
Gaussian random walk, while the posterior variance is de-
termined by the local pull count. Selecting an arm changes
only that arm’s state and incurs its evaluation cost; an arm
with n = H is completed and becomes eligible for termi-
nal recommendation. This separation lets us compare arms
through single-arm index values.
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To de ne the index, x one arm with posterior-mean state an optimal policy is to assign terminal ind&¢.; = .n
Sn = s, query cost, and remaining horizoll n . Let to completed arms, assigb: = G ﬁkk ® ( kny @) toun-
denote the outside terminal reward available from thenished arms, and stop when an arm attainimgx, Gy
other arms. Before the arm reacht¢sthe local actions are is completed. Otherwise, the policy evaluates an un nished
CONTINUE, which evaluates the arm once more, and SToParm with largest Gittins indeGy . At stopping, an op-
which declines this un nished arm in favor of the outside timal recommendation is any completed arm with largest
value . Suppressing the xed costin the value-function  posterior mean among completed arms, equivalently any
notation, the terminal value is completed arm with largest terminal index.

Vi (55 ) = maxis; g; The proof is deferred to Appendix A.2.
and, forn<H,

_ 3.3. Ef cient Gittins Index Computation
Q™ (s; )= C+EV 1 (Sns1;)iS n =5l;

QP (s ) = - We next describe how the index values used in the previous
n ST subsection are ef ciently computed. The de nition above
Vi(s; ) = maxfQ M (s; ); Q 3P (s; )g: suggests a dynamic program over both the posterior-mean
cont ) . ) states anq the oqt;ide reward. Solving such a program at
HereQi™" is the Q-value function for evaluating the arm g\ ery online decision would be too expensive. We make the
one more time, whil@3" is the value of declining this computation practical with three reductions. First, transla-
un nished arm in favor of the outside reward. Fox H tional invariance converts the two-dimensional continuation
and cost;, the Gittins index is the smallest outside reward, 5|,e into a one-dimensional dynamic program over the
at which stopping is optimal in this local problem: advantags . Second, under xed observation noise, the
GS(s)=inff 2R:Q SP(s;) Q CM(s:)g: posterior-variance schedule is deterministic, so the resulting
root schedule can be precomputed once for each cost and
An arm receives a large index when its posterior mean isariance schedule. Third, the Gaussian expectations in the
high, its uncertainty creates value of information, or itsdynamic program are one-dimensional convolutions and can

evaluation cost is low. be evaluated ef ciently of ine.
At global timet, letn, (t) be the number of batches observed Lemma 3.2 (Translational invariance of the continuation
from arm k. For an un nished arm, set value). Fix the cost and Gaussian random-walk transition.

. For any shift 2 R and any stage n < H,
Gkt =G nkk ® ( kn Q) ):

A completed arm has terminal ind&¢.; = n . Under

required completion, if an arm attainimgax Gyt IS COM-  coroljary 3.3 (Centered continuation value). Let s
pleted, the policy stops and recommends a completed arn}, 4 4e ne §(x) := Q M (x;0). Forany n < H
with the highest posterior mean among completed arms; ' A e ’

QY (s+; +)=Q (s )+

otherwise, it evaluates an un nished arm with largest in- QM (s: )=q n(s )+ :
dex. This is the stopping rule used for the Gittins stopping "
markers in our experiments. Thus evaluating the un nished arm is worthwhile exactly

Markov-chain selection applies because the Gaussian rawheng(s )>0.

dom walk is a Markov chain (Dumitriu et al., 2003; Scully L )
& Terenin, 2025). The proof of Lemma 3.2 and Corollary 3.3 is included in

. . o ) Appendix A.3.
Proposition 3.1 (Bayesian optimality under required com-

pletion). Consider the Gaussian Bayesian bandit modeBYy Corollary 3.3, only the posterior-mean advantage
in Section 3.1 with independent arms, common priorS matters. LetW, (x) := V n(x;0), then the centered
N( o;Vo), xed observation noise?, nite per-arm hori- ~ recursion is
zonH , and nonnegative effective costs of arm pall$or
armsk = 1;:::;K . Let 5" be the class of policies that
evaluate only un nished arms and may terminate only by Wi (x) = maxf0; g n(X)g; 3)
recommending an arm that has reached its nite horizon. h(X) = C+EW i1 Xpe1 )jXn =X];
For the required-completion objective

" XT # whereXps1 j Xn =x NV 2=(v, + 2)) and the

second line applies far < H . Letr, denote the root of the

sup E C
2 Eq ke A continuation value such thegt(r,) = 0. Then evaluating

H t=1

W (X) = maxfx; 0g;

t ’
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an un nished arm is worthwhile exactly when >r .  and historical response matrices; these require additional in-
Equivalently, the index can be evaluated by dex computation because the variance schedule can depend
on the arm's evolving state.
Gr(s)=s 1 n: 4
Cost scaling. Costs must be expressed in the same utility
For each distinct tupléc; vo; 2;H), of ine computation ~ Scale as benchmark performance. In API-based evaluation,

stores the root schedule raw cost may be computed from provider pricing, input-
token counts, and output-token counts; for local models,
fr n(c;vo; %;H)g ﬁ:% : latency or compute can be used as a proxy. If the scide

small, the policy explores more aggressively; if it is large,
The xed-noise approximation makes this lookup table the stopping rule becomes conservative. We therefore study
reusable: arms with the same effective cost, prior variancesost-scaling factors in addition to raw inference-cost ratios.
observation noise, and horizon share the same schedule.
The conditional expectation if8) is a Gaussian convolu- Recommendation and reporting. The Gittins index is
tion on a one-dimensional grid, which we compute of ine; used for allocation and for the optional required-completion
our implementation accelerates this step with FFT-basedtopping rule. Under that stopping rule, the policy stops
convolution. Online allocation is then inexpensive: eachonce an arm attaining the largest current Gittins index has
decision requires only posterior updates, table lookups, anteached horizoki . Its terminal output is restricted to com-
index comparisons. For a nite benchmark wkhexam-  pleted arms: it chooses the completed arm with the largest
ples,H =N for single-example pulls and = dN=Be for  posterior mean. If no completed arm has the largest index,
batches of size B. the policy evaluates an un nished arm with largest Gittins
index. This matches the required-completion formulation in

Additional FFT derivation details are deferred to the full -
Proposition 3.1.

version of the paper.
The simple-regret curves use a different anytime reporting
3.4. Design Choices for LLM Benchmarks convention. At every allocation step, including steps before
any arm is completed, we report the arm with the largest

Prior speci cation. For accuracy-style benchmarks, the current posterior mean among all arms,

latent mean lies if0; 1], so the prior can be chosen directly

on the accuracy scale. A general choicéNi:5; 0:04): _ R; 2 argmax i 0
its mean expresses no preference between low and high k=1;:5K
accuracy, and most prior mass lies in the plausible interval ) ,
[0:1; 0:9] When benchmark- or dataset-speci ¢ knowledgeTh“S an un nished arm can be the recommendation used to
is available, we can instead use an informative common priof®MPute the plotted simple regret. The completion restric-
whose mean and variance are estimated from related taski9" @00Ve applies only to the required-completion stopping
historical evaluations, or pilot examples. Unless otherwisdUle and its terminal recommendation; in the experiments,
stated, all arms within a benchmark share the same prior S@e dashed Gittins stopping markers indicate where that rule

that the comparison focuses on adaptive allocation rathdyould stop, while _the regret curve itself |s_computed using
than arm-speci ¢ prior information. the all-arm posterior-mean recommendation at each time.

Algorithm 1 summarizes the implementation. When early

Observation noise. For batched binary correctness obserstopping is disabled, the algorithm ignores this stopping
vations, the empirical batch mean hasvariandd ¢)=B. condition and continues until the budget is exhausted, unless
Batching also has a practical systems bene t: examples imll arms have reached the horizon.
a batch can often be evaluated in parallel, reducing wall-
clpck Iatgncy, a motivation also noted by thu etal. (2025)4_ Experiments
Since  is unknown, we use the conservative xed-noise
approximation ? = 1=(4B) , the worst-case Bernoulli vari- Benchmarks. We evaluate adaptive allocation policies
ance divided by the batch size. This choice is deliberatelyising completed LLM response matrices built on three
simple and can overestimate the noise for very easy or verstandard benchmarks: GSM8K for grade-school mathe-
hard tasks, but it has a computational advantage: the posteatical reasoning (Cobbe et al., 2021), PIQA for physical
rior variance schedule becomes deterministic, so the Gittinsommonsense reasoning (Bisk et al., 2020), and MMLU
root schedule can be precomputed once and reused by &ir multitask knowledge and reasoning (Hendrycks et al.,
arms with the same cost, prior variance, noise level, an@020). The benchmark examples de ne the evaluation tasks,
horizon. More adaptive alternatives include plug-in noisewhile the observed LLM correctness results come from ex-

kz;t Kt (1 k:t )=B or estimates from pilot examples isting response-matrix datasets. GSM8K and PIQA use the

6
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Algorithm 1 Gittins index evaluation for a Bayesian bandit

Require: Prior mean and variancé o;Vp), raw costs
fexgl., , cost scale .

Require: Observation noise?, batch sizeB, horizonH ,

and budget.

Set ¢ = € forallarms k.

Precomputefr ,(C;Vo; 2;H)gj.f for each needed

cost c.

. Initialize posterior meany.o = o, posterior variance
Vik:o = Vo, and count p(0) = O for all k; sett = 0.

: Setf%o 2 argmax, ko as the recommendation by
posterior mean.

1:
2:

5: while budget remains do
6: if ng(t) = H for all arms k then
7: return K;.
8: endif
9:  For completed arm:g (t) = H ), set terminal index
Gkt = KkH -
10:  For un nished armsrk (t) < H ), set continuation
index Get =Gy ( knyv )-
11: if early stopping is enabled then
12: if an arm in arg may Gy is completed then
13: return arg maXn, =4 kH -
14: end if
15:  endif
16:  Selectarm A2 arg maXy.n, (p<H Okt -
17:  Observe batch meafi,.n, (+1 -
18: Update (a,: ;Va,: ) using Eq. (2).
19:  Setna (t+1)=n A () +1,setnj(t+1)=n ;(t)
forallj 6= A,and sett t+1.
20  Setk; 2 argmaxy n, asthe recommendation

by posterior mean.
21: end while
22: return ;.

various-LLM and sampling-con guration response matrices
from BanditEval (Zhou et al., 2025): GSM8K contaiti22
arms andLOOOexamples, while PIQA contairk03arms

and1000examples. MMLU uses response matrices fromExperimental conditions.

DOVE (Habba et al., 2025) acroS3 subject datasets. For
each subject, we evaluat® models with100 prompting
templates; each arm is a model-template pair, giingo
arms per subject.

For MMLU, we further group subjects by their empirical

mean arm quality. This gives a natural notion of subject dif-
culty: if the average arm accuracy is high, then the subject
is relatively easy for the collection of evaluated models and®

Baselines. We compare two versions of the proposed
Gittins index policy with UCB-E, a classical xed-budget
best-arm identi cation method (Audibert & Bubeck, 2010),
UCB-E-LRF, the low-rank-factorization variant used for
faster language model evaluation by Zhou et al. (2025),
and con guration-level BO baselines using PBGI, LogEl,
and its cost-aware variant, LogEIPC. PBGI is inherently
cost-aware. We abbreviate UCB-E-LRF as LRF in gures
and captions. Gittins-G denotes Gittins with the general
prior, while Gittins-S denotes Gittins with a data-speci c
prior; the exact prior settings are listed in Table 5. UCB-E
and UCB-E-LRF represent frequentist allocation rules that
do not explicitly encode Bayesian priors or Gittins index
stopping values. When a baseline includes a random ini-
tialization phase, the percentage refers to the sampling unit:
for arm-level initialization 5% means sampling§% of arms
uniformly at random and fully evaluating those arms on all
benchmark examples. For BanditEval's UCB-E-LRF warm-
up, the default is entry-level and sampiks= 0:05KN
arm—example entries fromka-arm, N -example response
matrix before active selection.

Evaluation metric. The primary metric is simple regret
as a function of the evaluation resources used. After al-
location stegt, each policy reports a recommendatkn

the arm with the highest current estimate of benchmark
performance. Given the completed response matrix, we
compute simple regr&R; = maxy E:at using the
nite-matrix target in Eq.(1). We plot this simple regret
against cumulative example evaluatidig = ts=l by in

the unit-cost setting, whet® is the number of examples
evaluated at steg In the cost-aware setting, recalling that
¢k denotes the per-example evaluation cost of krrthe
allocation at steps costshsca ; we thereforg plot simple
regret against cumulative evaluation c@st= ., bsCa,.

For con guration-level BO baselines, one query evaluates
a full con guration and consumes its corresponding full-
evaluation cost.

For each benchmark, we con-
sider both unit-cost and cost-aware settings. In the unit-cost
setting, every batch has the same cost, isolating the effect
of adaptive statistical allocation. In the cost-aware setting,
batch costs re ect model-speci ¢ evaluation expense, so the
policy must trade off information value against heteroge-
neous inference cost. Con gurations that use the same base
model share the same model-level token price, with task-
peci ¢ input/output accounting described in Appendix C.

prompting templates; if the average arm accuracy is lowkor the bandit methods, we use a xed evaluation budget
then the subject is relatively hard. We use this criterion toequal to 10% of the corresponding full-evaluation budget:
divide MMLU subjects into easy, medium, and hard groups10% of the response-matrix entries in the unit-cost setting
More details and analysis of the datasets can be found iand 10% of the total full-evaluation cost in the cost-aware

Appendix B.

setting. UCB-E and UCB-E-LRF are run to this xed bud-
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get, following the BanditEval protocol of Zhou et al. (2025);
for the Gittins variants, we also report where the Gittins
stopping rule from Section 3.4 would terminate. The BO
baselines follow a con guration-level protocol, where evalu-
ating one candidate reveals its aggregate score and consumes
the full-evaluation cost of that con guration. They use a
randome-initialization phase capped at 5% of the con gu-
rations, followed by acquisition-driven selection under the
same nominal 10% budget fraction; cost-aware BO runs
stop before exceeding the 10% full-evaluation-cost budget.
For the main GSM8K and PIQA plots, UCB-E and Gittins
use batch siz8 = 8, while UCB-E-LRF use8 = 32. For

the main MMLU aggregate plots, the small size bucket (at
most150examples) useB = 2 and the large size bucket

(more thard00examples) useB = 8 for UCB-E and Git- Figure 2. Main GSM8K and_PIQA results._ Simple regretis plotte_d

. . _ . . against cumulative evaluations in the unit-cost setting and against
tins, while UCB-E-LRF use8 = 32. The medium-size ¢ myjative cost in the cost-aware setting, using batchBizes
bucket, full subject-level MMLU results, and batch-size for UCB-E and Gittins an@® = 32 for LRF. Each panel averages

ablations are included in the appendix. over 100 independent runs (5 ground-truth matrice20 random-
ized trials). Shaded bands dendte standard error. BO curves

. . . are shown after the 5% con guration-level randome-initialization
Reporting.  The main results report simple-regret cUrvesphase. Dashed vertical lines show mean stopping locations when
for GSM8K and PIQA under unit-cost and cost-aware evalavailable: for Gittins, when the index-based stopping rule rst
uation. Each curve compares the Gittins variants, UCB-Byiggers; for BO, the recorded BO stopping point. These stopping
UCB-E-LRF, and BO baselines on the same response malarkers are distinct from the xed 10% budget used for UCB-E
trices. Unless otherwise stated, shaded bands denote offed YCB-E-LRF. On these large-example benchmarks, Gittins is

. uch more effective than con guration-level BO because it can
standard error of the mean across repeated runs. Figuregocate partial batches instead of full candidate evaluations.
presents these main curves. Figure 3 summarizes the corre-

sponding MMLU trends. Dashed vertical markers indicate

average stopping locations when available: for Gittins, thesgition function. For GSM8K and PIQA, we average over
correspond to the Gittins stopping rule; for BO, they cor-ys response matrices, re ecting LLM output randomness,
respond to the BO budget or acquisition stopping pointang ryn 20 randomized trials on each matrix. For MMLU,

These markers are distinct from the xed 10% budget useqye ryn 20 trials for each subject and aggregate within each
for UCB-E and UCB-E-LRF. For the MMLU aggregate reported bucket.

plots, we normalize thg-axis by each run's nal cumula-

tive evaluations in the unit-cost setting or nal cumulative ) .

cost in the cost-aware setting, while keepingyhaxis as Main ndings. The results show that the Gittins-based
raw simple regret. Appendix D reports the MMLU unit- poll_ues reduce simple regret rapidly in the onv-budget
cost and cost-aware curves, common-prior, batch-size, aff@9ime. On GSM8K and PIQA, where the matrices have

cost-scaling ablations, together with descriptive plots of the®Mly 122 and 103 arms but1000 examples per arm, the
latent accuracy distribution for each MMLU prior bucket. M&in separation is between Gittins and con guration-level
BO. BO is less competitive because each con guration-level

query consumes a full row of the response matrix; under

Implementation detalls. For the Gitiins index po_hcy, rqot the same 10% budget fraction, the 5% random-initialization
schedules are precomputed for the common prior variance .
hase already uses much of the BO budget, leaving rela-

noise, batch size, horizon, and cost scale used in each con@— o . L .
X ) X . . Ively few acquisition-driven updates. Gittins can instead
tion. During evaluation, the policy updates posterior means . .

. . : L allocate partial batches across con gurations and reach low
and variances using the Gaussian approximation in Sec- . .
. : . . . fegret early in both cost settings.
tion 3.1. Because online allocation only requires posterior
updates and root-table lookup after this of ine precomputaThe MMLU aggregate results show the large-candidate
tion step, the total runtime of the Gittins variants remainsregime. Each MMLU subject haB500 model-template
close to UCB-E and much smaller than UCB-E-LRF; Fig-arms, so the policy must search over a much larger can-
ures 14 and 15 in Section D report runtime comparisonglidate set than in GSM8K or PIQA. Here the main com-
The BO baselines operate on converted con guration-leveparison changes: Gittins, especially Gittins-S, is substan-
inputs: after the random-initialization phase, they ta mixed tially stronger than the cost-unaware frequentist bandit base-
Gaussian-process model to the observed con gurations ankhes UCB-E and UCB-E-LRF, which spread a xed budget
select the next con guration using the corresponding acquiacross many arms without using priors or cost-normalized

8
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(a) Unit-cost setting. (b) Cost-aware setting.

Figure 3. Aggregate MMLU results by subject size and dif culty. Simple regret is plotted against cumulative evaluations in a and
cumulative cost in b; thg-axis is rescaled tf0; 1] by each run's nal cumulative evaluations or cumulative cost, whileytfexis shows

raw simple regret. For UCB-E and Gittins, the small size bucket (at trig&examples) uses batch siBe= 2 and the large size bucket

(more thard00 examples) useB = 8 ; LRF uses batch siz8 = 32 . Each panel averages over all subjects in the size—dif culty bucket

and 20 independent runs per subject. Shaded bands dénatiandard error. BO curves are shown after the 5% con guration-level
random-initialization phase. Dashed vertical lines show mean stopping locations when available: for Gittins, when the index-based
stopping rule rst triggers; for BO, the recorded BO stopping point. On these 1500-arm tasks, Gittins-G and Gittins-S usually reach low
regret earlier than UCB-E and LRF, especially in cost-aware and harder buckets.

index values. BO can remain competitive on small and easfp. Conclusion

tasks, where full con guration evaluations are reIativerW ; lated LLM luati B ianb
cheap, but the Gittins variants typically reach low regret e formulate evaluation as cost-aware Bayesian ban-

earlier across the reported size—dif culty buckets. dit evaluation and implemented it with a practical Gittins
index policy. The empirical takeaway is simple: Gittins
The Gittins stopping locations usually appear after the Gitsubstantially outperforms con guration-level Bayesian op-
tins regret curves have attened, suggesting that the rul@imization on large-example benchmarks such as GSM8K
stops once a completed arm is also the most valuable argnd PIQA, and substantially outperforms cost-unaware fre-
under the index comparison. These stopping points are geguentist bandit methods when the candidate set is large,
erally earlier than the BO budget stop and earlier than theis in MMLU. After index precomputation, the policy is
10% xed-budget endpoint used for UCB-E and UCB-E-lightweight, handles heterogeneous evaluation costs, and

LRF in BanditEval (Zhou et al., 2025). On larger responseprovides a stopping signal once regret has attened.
matrices, the stopping point can occur around 1% of the full

response-matrix budget, giving a large reduction in evaluqiuture work
tion effort while preserving the low-regret recommendation .
reached by the curve.

Future work should compare more broadly

with PromptEval (Polo et al., 2024) and TRIPLE (Shi et al.,

2024), calibrate priors more systematically, model corre-

The comparison between Gittins-G and Gittins-S highlightdations across arms, and extend beyond binary correctness

the role of prior calibration. Gittins-S tends to bene t from with adaptive noise estimates.

data-speci c priors, especially on harder MMLU groups

where the prior mean is bett(—?-r aligngd_ with the latent aCC“ACknowledgments

racy range and early allocation decisions are more conse-

guential. Atthe same time, Gittins-G remains competitive inQX thanks Theodore Brown, Ziv Scully, and Alexan-

several easier or smaller settings, suggesting that a geneidér Terenin for a prior collaboration from which the

prior can be suf cient when many arms have similar hightranslational-invariance reduction and FFT-based approach

accuracies or when regret becomes small quickly. Oveto ef cient Gittins-index computation originated. QX also

all, the results suggest that data-speci ¢ priors are usefuthanks Ziv Scully for helpful discussions on the optional-

but their mean and variance should be calibrated carefullgompletion setting, Kyuseong Choi for introducing QX to

rather than assumed to be uniformly bene cial across althe area of ef cient LLM evaluation and sharing related

task dif culties. work, Tianyi Peng for inviting QX to a related project and
discussions connecting LLM evaluation with multi-armed
bandits, and Jin Peng Zhou and Ruihan Wu for sharing the
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A. Theoretical Details
A.1. Gaussian Random-Walk Details

We derive the posterior update and the induced random-walk transition used in Section 3. Fix an arm and suppress the arm
index. LetY n+1 denote the scalar observation from the next pull, which may be either a single-example score or a batch
mean. Suppose that after n local pulls the current posterior distribution of the arm mean is

iDn N(C niva)
and that the next observation follows the xed-noise Gaussian likelihood

Yorr | NG 2

By Bayes' rule, the posterior density after observifige, is proportional to the likelihood times the current posterior:

P(jD 1)/ P( Ynsr j)P( D p):

Substituting the Gaussian likelihood and the current Gaussian posterior gives

. 1 2 (Y, 2
P(iD ) em L ¢ Vnn) o (o )
Expanding the terms that depend on
( n)? + (Yo ) 2 _ vi+ 2 23 0 e + const
Vn 2 Vn 2

Thus the exponent is quadratic inso the posterior is Gaussian. Matching the quadratic and linear coef cients with the
Gaussian form

( ne1 )2
exp -
2Vn+1
gives
Y,
vi, =vi o+ 2 ”7”:7”4.“7;1;
Vh+1 Vn
Therefore,
1 _ n, Yo
Vel = an + 2 ; n+t1 = Vn+1 7+ >

n
Equivalently, the posterior mean update can be written in the incremental form

Vn

Vo + 2 Y n+l n
n

n#l = nt

This form shows that the new posterior mean moves from the old posterior mean toward the new observation, with gain

Vn .
Vp+ 27

To describe the posterior mean as a state process, we rst compute the predictive distribution of the next observation.
Conditioned on the current data, Pwe may write

Yo = +" neas iDn N(C niva)i  "ma N(O;  2);
with and ",+1 conditionally independent givenD Hence
Yo iDn N( nivp + 2):

11
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We now view the posterior mean as the Markov state used belows,| denote the posterior mean aftetocal pulls,
viewed as a random variable over future observations. If the current realized Sate is, then the posterior update gives

Vi

Shs1 =S+ v, + 2 Y1 S
Since
Y1 SjSn=s NOv ,+ ?);
we have I
v 2
. n
She1 JSn=s N s v, + 2 (Vo + ?)
Therefore,
. v2
Snt1 JSn=s N S;Vn"' 3
Finally, under the xed-noise likelihood, the variance update
2 1

— 1
Vn+]_ - Vn +

does not depend on the realized observa¥ign, . Therefore the posterior variance follows a deterministic schedule indexed
only by the local pull count, while the posterior mean follows the Gaussian random-walk transition above whenever the
arm is selected. Across arms, this schedule is identical only for arms with the same initial variance and xed noise level;
otherwise each arm has its own deterministic schedule.

A.2. Proof of Bayesian Optimality

Proposition A.1 (Restatement of Proposition 3.1). Consider the Gaussian Bayesian bandit model in Section 3.1 with
independent arms, common priNi{ ¢; Vo), xed observation noise?, nite per-arm horizonH , and nonnegative effective

costs of arm pulls, forarmsk = 1;:::;K . Let °% be the class of policies that evaluate only un nished arms and may
terminate only by recommending an arm that has reached its nite horizon. For the required-completion objective
" #
X
sup E Ca,
2 b o

an optimal policy is to assign terminal ind&q: = n to completed arms, assigby.: = G ﬁkk ® ( kn,@ ) tounnished

arms, and stop when an arm attainingaxx Gy is completed. Otherwise, the policy evaluates an un nished arm with
largest Gittins indexGy.; . At stopping, an optimal recommendation is any completed arm with largest posterior mean
among completed arms, equivalently any completed arm with largest terminal index.

Proof. We prove the proposition by reducing the required-completion problem to a Markov chain selection problem. For
each arm k, de ne one local chain:

batches. The terminal states are those withrrH.
Action. At each decision time, choose one arm k. Only the chosen arm moves; every other arm keeps its current state.

Reward. If the chosen arm is un nished, the immediate rewarctig. If the chosen arm is terminal, the process stops and
the terminal reward iss

Transition. If the chosen arm is in state {snk) with ny < H, then its next state is (§ ni + 1), where
Vi,

Vp, + 2

S%sk;nk N sy

12
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By Eq.(2), the state of arrk can be represented by, , ; k). Under xed 2, Appendix A.1 shows that the posterior mean
follows the Gaussian random-walk transition, so this state is Markov. Conditional on this state, the next state distribution of
armk is independent of the states and histories of all other arms, and pullinkg sxcars only its own effective cos .

Sincesk = E[ « j X«], the terminal reward is the posterior expected reward from recommending completkd Enos
maximizing expected total reward in the constructed selection problem is exactly the required-completion objective.

The Gittins-index optimality theorem for Markov chain selection implies that an optimal policy selects a chain with largest
index until a terminal chain has largest index (Dumitriu et al., 2003; Scully & Terenin, 2025). Applying this result to the
single-arm value function used to de 1@ (S) gives the stated rule. Terminal chains have index equal to their posterior
mean, so when a completed arm attains the largest index, recommending any completed arm with largest posterior mean
among completed arms gives an optimal terminal reward. O

A.3. One-Dimensional Gittins Index Computation

We now spell out the reduction used by the precomputation step in Algorithm 1. Fix a single arm, suppress the arm
index, and let be the outside terminal reward available from the other arms. With thecestl and suppressed in the
value-function notation, the terminal value is

Vi (s; ) = maxfs; g;

and, forn<H,
Qr°™(s; )= C+EV a1 (Snea s )i S n =5l;
Qu®P(si) =
Va(s; ) =maxfQ " (s; );Q R (s; )g:
The transition kernel depends only on differences in posterior means:

) V2
Sn+1 jSn =S N(s; 3)7 r% = Vﬂ_,_inz:
Proof of Lemma 3.2. The terminal value satis es
Vi(s+; +)=maxfs+ ; + g=V H(S )+

Assume the corresponding shift identity holds for the next-stage value. Since the transition kernel is Gaussian with additive
mean, the next state from s+ has the same distribution as S+ when the current state is s. Therefore

QM (s+ ; + )= c+E[V 1 (Sne1 + 5 +)jS =]
= C+E[V 141 (Sns1; )+ jS 1 =9]
= QoM (s; )+ :

Taking the maximum with the shifted outside reward gives the next-stage value identity needed for the induction. The result
follows by backward induction. O

Corollary 3.3 follows by applying Lemma 3.2 with shift  to the centered state= s and outside rewar@. De ne
the centered value
Wh(X) =V ( +x;)

Then the recursion no longer depends on :
Wy (X) = maxfx; 0g;

and
Wi, (X) = maxf0; g n(X)g;

h(X) = C+EW i1 Xne1 ) [ Xn =X];
whereX e j Xn =X N(X; 2) and the recursion fow,, applies fom < H . This is the one-dimensional dynamic
program: for each stage n, the numerical grid is only over the centered posterior-mean advantage x.
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For comparison with an outside rewardevaluating an un nished arm is worthwhile exactly wregrfs ) >0 . Letr,
denote the crossing point satisfying

Gh(rn)=0:

The Gittins index for cost c is therefore

Gi(s)=s r n:

The online policy does not need to store the full two-argument value function. During precomputation we represent the
one-dimensional functiond/,, andq, on a grid in order to propagate the recursion backward, but the objects used online
are the roots fp gﬂztl) for each distinct cost and variance schedule.

The conditional expectatioB[Wn.+1 (X n+1 ) j X n =X] in the recursion fog, is a convolution of the next-stage value grid
with a Gaussian transition kernel. On an evenly spaced grid this can be computed by FFT-based convolution, so the index
schedule is computed once of ine and reused during evaluation.

B. Dataset Details
B.1. Dataset Description

GSMB8K and PIQA. For GSM8K and PIQA, we use the response matrices released with BanditEval (Zhou et al., 2025).
The underlying benchmarks are Grade School Math 8K (GSM8K) (Cobbe et al., 2021) and Physical Interaction: Question
Answering (PIQA) (Bisk et al., 2020). GSM8K consists of grade-school math word problems, while PIQA evaluates
physical commonsense reasoning through question answering.

The BanditEval response matrices are constructed from a collection of publicly available language models and sampling
con gurations. In particular, BanditEval considelrs models: GPT2, GPT2-Large, CodeLLaMA, Tulu-7B, Tulu-2-7B,
Gemma-7B, Phi2, Llema-7B, LLaMA-2-7B, Mistral-7B, and StarCoder-7B. For each model, responses are generated using
three temperature choicé 0:5; 1g, two maximum decoding lengtti$28; 512g and two zero-shot prompting strategies:
directly asking for the answer, and using the chain-of-thought prompt “Let's think step by step.” The Cartesian product of
these choices yields 11 3 2 2 = 132 possible model-con guration arms.

However, the released response matrices contain some missing con gurations. As a result, the nal matrices used in our
experiments contaifi22 arms for GSM8K and.03arms for PIQA. Both GSM8K and PIQA contaln000examples in the

response matrices. Each benchmark is represented by ve independently generated response matrices, corresponding to ve
random seeds used when querying the LLMs. Since the benchmark examples and arm set are xed, the differences across
these matrices mainly re ect randomness in LLM response generation.

AlpacaEval. We use AlpacaEval (Li et al., 2023) to evaluate instruction-following quality. Unlike GSM8K and PIQA,
AlpacaEval does not use the BanditEval modalompt con guration matrices. Instead, we construct a response matrix
from the AlpacaEval 2.0 leaderboard comparisons annotatedeighted _alpaca _eval _gpt4 _turbo . Each row
corresponds to one AlpacaEval leaderboard model, and each column corresponds to or895fxbe AlpacaEval
instructions. Entry(k; n) stores the model's pairwise score against the GPT-4 Turbo baseline on instruclibese scores

are continuous values [0; 1] derived from the auto-annotator's preference probabilities; they are not binary correctness
labels. Accordingly, the nite-matrix targef™ in Eq. (1) is the row mean of these pairwise scores.

The resulting matrix contains53leaderboard-model arms aB@5instruction examples. It keeps the AlpacaEval pairwise

scores as continuous values rather than converting them to binary outcomes. Each arm is therefore a single leaderboard model
rather than a modelsampling-con guration pair. In contrast to GSM8K and PIQA, we use one xed AlpacaEval matrix
rather than ve independently generated response matrices; algorithm randomness enters only th2uginttemized

trial seeds used in each sweep.

For con guration-level BO baselines, we convert this matrix ih&8 con guration-level arms. Each BO arm evaluates

one model on alB05instructions, revealing the row-average score and consuming that model's full-evaluation cost. Cost-
aware experiments use model-speci ¢ token prices from our Alpaca pricing table, with an input-to-output token ratio of
1:8 estimated from typical AlpacaEval prompt/response lengths (Appendix C). For Gittins-S on AlpacaEval, we use the
dataset-speci ¢ prior mean/variance (0:1; 0:02); Gittins-G uses the general prior (0:5; 0:04) listed in Table 5.
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MMLU. For MMLU, we use the DOVE response matrices (Habba et al., 2025). MMLU is a multiple-choice question-
answering benchmark consisting®f subjects and approximatelyl;000examples in total. We treat each MMLU subject

as a separate problem instance. Each subject is evaluated Astddel con gurations and100 prompting techniques,
resulting in 1500 arms per subject.

Thel5LLM con gurations used in the MMLU response matrices are Llama-3-8B, Llama-3-8B-Instruct, Llama-3-70B-
Instruct, CodelLlama-34B-Instruct, FLAN-T5-XL, FLAN-T5-XXL, FLAN-UL2, Merlinite-7B, Mixtral-8x7B-Instruct-v0.1,
Mistral-7B-Instruct-v0.2, Gemma-7B, Gemma-7B-IT, Falcon-40B, Mistral-7B-v0.1, and Falcon-180B. The number of
examples varies across subjects; the full list of subjects used in our evaluation is provided in Table 1.

B.2. Dataset Statistics

We provide descriptive statistics for the response matrices used in our evaluation. For each dataset or subject, we compute
the empirical quality of each arm as its mean score over benchmark examples. For binary correctness matrices, this score
is mean accuracy; for AlpacaEval, it is the mean pairwise preference score. The following gures visualize the resulting
distribution of arm qualities. These plots help illustrate the spread of arm performance, the location of the empirical mean,
the best arm, and the prior mean used in informative-prior experiments.

GSMB8K and PIQA. Figure 4 shows the per-arm quality distributions for GSM8K and PIQA across the ve independently
generated response matrices. The distributions are highly stable across seeds for both datasets. This indicates that, although
the response matrices are generated independently, the randomness from LLM response generation introduces only limited
variation at the aggregate level. GSM8K has a noticeably lower overall accuracy distribution than PIQA, while PIQA
exhibits a tighter concentration of high-quality arms.

Figure 4. Distribution of per-arm quality for GSM8K and PIQA across ve random seeds. GSM8K has 122 arms and 1,000 examples,
while PIQA has 103 arms and 1,000 examples. Each subplot corresponds to one dataset—seed pair; bars show the histogram of arm quality,
de ned as mean accuracy over queried examples. Vertical lines mark the empirical mean (red), best arm (green), and prior mean (purple).
The distributions are highly similar across seeds, suggesting that the observed variation is small when the only source of randomness is
the LLM response generation.
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MMLU. For MMLU, we treat each subject as a separate problem instance. We divide the subjects into three dif culty
buckets according to the empirical mean arm quality of the subject. The intuition is that if the mean arm quality is high,
then the subject is easier for the collection of LLM con gurations and prompting techniques; conversely, a lower mean arm
quality indicates a harder subject. We refer to these buckets as high-, medium-, and low-prior buckets, with prior means
0=0:75, ¢=0:6,and (= 0:4, respectively. Figures 5—7 show the per-arm quality distributions for the three buckets.

Figure 5. Easy subjects: Distribution of per-arm quality for MMLU subjects assigned to the high informative-prior bucked(75).
Each subplot corresponds to one subject; bars show the histogram of arm quality, de ned as mean accuracy over questions. Vertical lines
mark the empirical mean (red), best arm (green), and prior mean (purple).
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Figure 6. Medium subjects: Distribution of per-arm quality for MMLU subjects assigned to the medium informative-prior bucket
( 0 =0:6). Each subplot corresponds to one subject; bars show the histogram of arm quality, de ned as mean accuracy over questions.
Vertical lines mark the empirical mean (red), best arm (green), and prior mean (purple).
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Figure 7. Hard subjects: Distribution of per-arm quality for MMLU subjects assigned to the low informative-prior bugke0(4 ).
Each subplot corresponds to one subject; bars show the histogram of arm quality, de ned as mean accuracy over questions. Vertical lines
mark the empirical mean (red), best arm (green), and prior mean (purple).
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Table 1. MMLU datasets used in our evaluation. Each dataset is evaluated HetdS¢ con gurations and100 prompting techniques,

so the number of rows is 1500 times the number of benchmark examples. Dif culty is based on prior accuracy: datasets with high prior
accuracy are labeled easy, those with medium prior accuracy are labeled medium, and those with low prior accuracy are labeled hard. The
size category groups datasets by the number of benchmark examples.

Dataset Rows Dif culty Size Full Name

Abstract Alg. 1500 100 hard small Abstract Algebra

Anatomy 1500 135 medium small Anatomy

Astronomy 1500 152 medium  medium  Astronomy

Business Ethics 1500 100 medium small Business Ethics

Clinical Know. 1500 265 medium  medium Clinical Knowledge
College Biology 1500 144 medium small College Biology

College Chem 1500 100 hard small College Chemistry
College CS 1500 100 hard small College Computer Science
College Math 1500 100 hard small College Mathematics
College Medicine 1500 173 medium  medium College Medicine

College Physics 1500 102 hard small College Physics

Comp Security 1500 100 easy small Computer Security
Conceptual Phys 1500 235 medium  medium  Conceptual Physics
Econometrics 1500 114 hard small Econometrics

Electrical Eng 1500 145 medium small Electrical Engineering
Elementary Math 1500 378 hard medium  Elementary Mathematics
Formal Logic 1500 126 hard small Formal Logic

Global Facts 1500 100 hard small Global Facts

HS Biology 1500 310 easy medium  High School Biology

HS Chem 1500 203 hard medium  High School Chemistry
HS CS 1500 100 medium small High School Computer Science
HS Euro Hist 1500 165 medium  medium  High School European History
HS Geography 1500 198 easy medium  High School Geography
HS Gov & Pol 1500 193 easy medium  High School Government and Politics
HS Macroecon 1500 390 medium  medium  High School Macroeconomics
HS Math 1500 270 hard medium  High School Mathematics
HS Microecon 1500 238 medium  medium  High School Microeconomics
HS Physics 1500 151 hard medium  High School Physics

HS Psychology 1500 545 easy large High School Psychology
HS Statistics 1500 216 hard medium  High School Statistics

HS US Hist 1500 204 easy medium  High School US History
HS World Hist 1500 237 easy medium  High School World History
Human Aging 1500 223 medium  medium Human Aging

Human Sexuality 1500 131 easy small Human Sexuality

Int'l Law 1500 121 easy small International Law
Jurisprudence 1500 108 easy small Jurisprudence

Logical Fallacies 1500 163 easy medium  Logical Fallacies

Machine Learning 1500 112 hard small Machine Learning
Management 1500 103 easy small Management

Marketing 1500 234 easy medium  Marketing

Medical Genetics 1500 100 medium small Medical Genetics

Misc 1500 783 easy large Miscellaneous

Moral Disputes 1500 346 medium  medium  Moral Disputes

Moral Scenarios 1500 895 hard large Moral Scenarios

Nutrition 1500 306 medium  medium  Nutrition

Philosophy 1500 311 medium  medium  Philosophy

Prehistory 1500 324 medium  medium  Prehistory

Prof Accounting 1500 282 hard medium  Professional Accounting
Prof Law 1500 1534 hard large Professional Law

Prof Medicine 1500 272 medium  medium Professional Medicine
Prof Psychology 1500 612 medium large Professional Psychology
Public Relations 1500 110 medium small Public Relations

Security Studies 1500 245 medium  medium  Security Studies
Sociology 1500 201 easy medium  Sociology

US Foreign Policy 1500 100 easy small US Foreign Policy
Virology 1500 166 hard medium  Virology

World Religions 1500 171 easy medium  World Religions
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C. Experiment Setup and Implementation Details

Computing environment. Experiments were run on CPU-only computing resources using precomputed response matrices
rather than online LLM inference. The response matrix serves as the of ine ground-truth oracle: during bandit simulation,
each policy observes only the selectadn; question)entries, while per-arm matrix means are used to compute simple
regret. For the BO baselines, the response matrices are converted into con guration-level inputs, where evaluating one
candidate reveals its aggregate score. For GSM8K, PIQA, and MMLU, each converted BO con guration corresponds to a
model prompt or model template arm. For AlpacaEval, each converted BO con guration corresponds to one leaderboard
model evaluated on all05instructions. Reported per-batch runtime therefore measures policy-side allocation overhead
rather than model-inference time.

Experimental repetitions. For GSM8K and PIQA, we run each adaptive policy on each of the ve independently generated
response matrices. For every response matrix, we perdrindependent algorithm trials, each with independently
randomized example orders and algorithmic randomness. We report averages over all matrix—trial pairs. For AlpacaEval,
we use a single xed pairwise score matrix with3models and05instructions. As in MMLU, we rur20independent

algorithm trials on this matrix and report averages over those trials. Unlike GSM8K and PIQA, we do not average over
multiple independently generated response matrices for AlpacaEval. For MMLU, vdmamdomized algorithm trials for

each subject and aggregate results across the corresponding set of subjects. The BO baselines use the same randomized-trial
structure on their converted con guration-level inputs.

Stopping-rule variants. For Gittins-based methods, we record two post-pull stopping diagnostics. The primary diagnostic
used in the main gures is the index-induced stopping rule: after each batch is evaluated and posterior Gittins indices are
updated, the policy stops when an arm attaining the largest current Gittins score is already fully observed. This corresponds
to the natural termination point of the required-completion Gittins policy, since the policy's own index maximizer has
become a completed arm.

We also record a recommendation-aware stopping rule. Letenote the current Gittins score of arpand let ; denote its
posterior mean. This diagnostic stops when

. max i <max j;

i2l incomplete j
that is, when the best remaining exploration opportunity has lower index than the current best posterior-mean recommen-
dation. This rule is more directly tied to the anytime recommendation criterion, whereas the index-induced rule follows
the exploration policy itself. We use the index-induced rule in the main gures because it is the stopping diagnostic most
directly implied by the required-completion Gittins policy: it asks when the policy's own index maximizer has become a
completed arm. The recommendation-aware rule is included only to clarify an alternative diagnostic tied to the anytime
recommendation criterion, but it is not used for the stopping markers in the reported main gures.

Baseline initialization and warm-up. For a response matrix with arms and\ examples, the BO baselines use

a con guration-level random-initialization phase. In our main BO rung§%arandom initialization means drawing
approximately0:05K arms uniformly without replacement and observing the full rows for those arms, i.e., evaluating
the selected con gurations on &l examples before the acquisition-driven phase begins. This correspo@dsitial

con gurations for GSM8K K = 122), 5 for PIQA (K = 103), 8 for AlpacaEval K = 153 ), and75 for each MMLU
subject K = 1500). Under the nominal0% BO budget, the corresponding total con guration budgetsl&d 0, 15, and
150con gurations, respectively. This convention is distinct from the low-rank-factorization warm-up in BanditEval (Zhou
etal., 2025). There, UCB-E-LRF rst drawl individual arm—example pairs uniformly from the N response matrix,

and the default experimental setting u3gs= 0:05KN . The standalone LRF baseline in that paper is also written with a
To entry-level warm-up parameter, so any such warm-up should be interpreted as a percentage of response-matrix entries
rather than a percentage of fully evaluated arms.

Evaluation costs. The cost-aware bandit experiments assign each arm a batch cost proportional to the estimated cost of
running that model con guration oB benchmark examples. For GSM8K and PIQA, an arm is a model plus sampling

or prompting con guration; when several arms share a base model, they share the model-level price, while the batch
multiplier accounts for how many examples are queried at that allocation step. For MMLU, each arm is a model-prompt
pair, and model-level input prices are repeated across the corresponding prompt arms. For AlpacaEval, each arm is a
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single leaderboard model rather than a model sampling-configuration pair. Depending on the available metadata, costs
can be computed from API pricing, input/output token counts, generated-token counts, wall-clock latency, or a normalized
proxy such as model size. For the BO baselines, each converted input row corresponds to a complete configuration, and its
cost is the estimated full-evaluation cost of that configuration on the corresponding benchmark or MMLU subject. The
Gittins dynamic program uses costs rescaled to the same utility units as the index computation, while the BO baselines use
configuration-level costs for cost-aware acquisition and budget accounting.

AlpacaEval evaluation costs. AlpacaEval uses model-specific API or proxy prices for the 153 leaderboard models in the
response matrix. For each model, we record separate input and output costs in USD per 1M tokens and form the evaluation
cost as

cost = Cin + 8 Cout;

using the estimated AlpacaEval input-to-output token ratio 1:8. These model-level costs define the per-arm cost vector for
cost-aware bandit experiments and the full-evaluation costs used by the converted BO inputs. Because AlpacaEval arms are
individual leaderboard models rather than BanditEval-style model prompt configurations, we do not repeat a single model
price across multiple prompting arms as in MMLU. Table 2 and Table 3 therefore do not apply to AlpacaEval; the complete
Alpaca pricing table is reported in Table 4.

Table 2. Model-level evaluation costs used for GSM8K and PIQA. Costs are reported in USD per 1M tokens. GSMS8K uses an assumed
input-to-output token ratio of 1 : 2, so the evaluation cost is computed as input cost plus twice the output cost. PIQA uses input-only
pricing. These model-level costs are used to construct the per-arm cost vectors for the cost-aware experiments.

Model Input cost  Output cost GSMS8K cost PIQA cost
CodeLlama 0.30 0.30 0.90 0.30
Gemma-7B 0.20 0.20 0.60 0.20
GPT-2 0.10 0.10 0.30 0.10
GPT-2 Large 0.10 0.10 0.30 0.10
LLaMA2-7B 0.20 0.20 0.60 0.20
Llemma-7B 0.80 1.20 3.20 0.80
Mistral-7B 0.05 0.20 0.45 0.05
Phi-2 0.05 0.10 0.25 0.05
StarCoder2-7B 0.20 0.20 0.60 0.20
Tulu 0.20 0.20 0.60 0.20
Tulu2 0.20 0.20 0.60 0.20

Table 3. Model-level input costs used for MMLU. Costs are reported in USD per 1M input tokens. MMLU uses input-only pricing. Each
MMLU subject contains 1500 arms, corresponding to 15 models paired with 100 prompt configurations; therefore, each model-level input
cost is repeated across the corresponding prompt arms.

MMLU model Input cost
Llama-3-8B 0.05
Llama-3-8B-Instruct 0.03
Llama-3-70B-Instruct 0.51
CodeLlama-34B-Instruct 0.776
FLAN-T5-XL 0.60
FLAN-T5-XXL 1.80
FLAN-UL2 5.00
Merlinite-7B 0.60
Mixtral-8x7B-Instruct-v0.1 0.54
Mistral-7B-Instruct-v0.2 0.14
Gemma-7B 0.20
Gemma-7B-IT 0.07
Falcon-40B 0.84
Mistral-7B-v0.1 0.11
Falcon-180B 1.25
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Table 4. AlpacaEval model-level pricing table for the 153-model response matrix. Input and output prices are in USD per 1M tokens. The
combined cost is input cost +8 output cost, matching the AlpacaEval input-to-output token ratio used for cost-aware runs.

Model Input Output Combined
Conifer-7B-DPO 0.2 0.2 1.8
Contextual-KTO-Mistral-PairRM 0.2 0.2 1.8
FsfairX-Zephyr-Chat-v0.1 0.2 0.2 1.8
LMCocktail-10.7B-v1 0.2 0.2 1.8
Meta-Llama-3-70B-Instruct 0.9 0.9 8.1
Meta-Llama-3-8B-Instruct 0.2 0.2 1.8
Mistral-7B-Instruct-v0.2 0.2 0.2 1.8
Mistral-7B-ReMax-v0.1 0.2 0.2 1.8
Mixtral-8x22B-Instruct-v0.1 1.2 1.2 10.8
Mixtral-8x7B-Instruct-v0.1 0.5 0.5 4.5
Mixtral-8x7B-Instruct-v0.1_concise 0.5 0.5 4.5
Mixtral-8x7B-Instruct-v0.1_verbose 0.5 0.5 4.5
Nanbeige-Plus-Chat-v0.1 0.2 0.2 1.8
Nanbeige2-8B-Chat 0.2 0.2 1.8
OpenHermes-2.5-Mistral-7B 0.2 0.2 1.8
Qwen-14B-Chat 0.2 0.2 1.8
Qwen1.5-1.8B-Chat 0.1 0.1 0.9
Qwenl.5-110B-Chat 0.9 0.9 8.1
Qwen1.5-14B-Chat 0.2 0.2 1.8
Qwenl.5-72B-Chat 0.1 0.1 0.9
Qwen1.5-7B-Chat 0.2 0.2 1.8
Samba-CoE-v0.1 0.2 0.2 1.8
Samba-CoE-v0.2-best-of-16 3.2 3.2 28.8
Samba-CoE-v0.2 0.2 0.2 1.8
Snorkel-Mistral-PairRM-DPO-best-of-16 32 3.2 28.8
Snorkel-Mistral-PairRM-DPO 0.2 0.2 1.8
Starling-LM-7B-alpha 0.2 0.2 1.8
TempNet-LLaMA2-Chat-13B-v0.1 0.2 0.2 1.8
TempNet-LLaMA2-Chat-70B-v0.1 0.9 0.9 8.1
TempNet-LLaMA2-Chat-7B-v0.1 0.2 0.2 1.8
Yi-34B-Chat 0.9 0.9 8.1
airoboros-33b 0.9 0.9 8.1
airoboros-65b 0.9 0.9 8.1
aligner-2b_claude-3-opus-20240229 0.1 0.1 0.9
aligner-2b_qwen1.5-72b-chat 0.1 0.1 0.9
LLaMA-7B 0.2 0.2 1.8
alpaca-7b 0.2 0.2 1.8
alpaca-7b_concise 0.2 0.2 1.8
alpaca-7b_verbose 0.2 0.2 1.8
alpaca-farm-ppo-human 0.2 0.2 1.8
alpaca-farm-ppo-sim-gpt4-20k 0.2 0.2 1.8
baichuan-13b-chat 0.2 0.2 1.8
baize-v2-13b 0.2 0.2 1.8
baize-v2-7b 0.2 0.2 1.8
causallm-14b 0.2 0.2 1.8
chatglm?2-6b 0.2 0.2 1.8
claude-2.1 8 24 200
claude-2.1_concise 8 24 200
claude-2.1_verbose 8 24 200
claude-2 8 24 200
claude-3-opus-20240229 15 75 615
claude-3-sonnet-20240229 3 15 123
claude-instant-1.2 0.8 2.4 20
claude 8 24 200
claude2-alpaca-13b 0.2 0.2 1.8
cohere 1 2 17
cut-13b 0.2 0.2 1.8
dbrx-instruct 1.2 1.2 10.8
deepseek-1lm-67b-chat 0.9 0.9 8.1

Continued on next page
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Table 4. AlpacaEval model-level pricing table (continued).

Model

Input Output Combined

deita-7b-v1.0
dolphin-2.2.1-mistral-7b
evo-7b

evo-v2-7b
falcon-40b-instruct
falcon-7b-instruct
gemini-pro

gemma-2b-it

gemma-7b-it
gpt-3.5-turbo-0301
gpt-3.5-turbo-0613
gpt-3.5-turbo-1106
gpt-3.5-turbo-1106_concise
gpt-3.5-turbo-1106_verbose
gpt-4-0125-preview
gpt35_turbo_instruct

gpt4

gpt4.0314

gpt4_0613
gpt4_0613_concise
gpt4_0613_verbose
gpt4_1106_preview
gpt4_1106_preview_concise
gpt4_gamed

guanaco-13b

guanaco-33b

guanaco-65b

guanaco-7b
humpback-llama-65b
humpback-1lama2-70b
internlm?2-chat-20b-ppo
jina-chat
llama-2-13b-chat-hf
llama-2-70b-chat-hf
llama-2-7b-chat-hf
llama-2-chat-7b-evol 70k-neft
minichat-1.5-3b
minichat-3b

minotaur-13b
mistral-large-2402
mistral-medium
mistral-orpo-beta
nous-hermes-13b
oasst-rlhf-llama-33b
oasst-sft-llama-33b
oasst-sft-pythia-12b
openbuddy-falcon-40b-v9
openbuddy-falcon-7b-v6
openbuddy-llama-30b-v7.1
openbuddy-llama-65b-v8
openbuddy-llama2-13b-v11.1
openbuddy-llama2-70b-v10.1
openchat-13b
openchat-v2-13b
openchat-v2-w-13b
openchat-v3.1-13b
openchat8192-13b
opencoderplus-15b
pairrm-Yi-34B-Chat
pairrm-tulu-2-13b

0.2 0.2 1.8
0.2 0.2 1.8
0.2 0.2 1.8
0.2 0.2 1.8
0.9 0.9 8.1
0.2 0.2 1.8
0.5 1.5 12.5
0.1 0.1 0.9
0.2 0.2 1.8
1.5 2 17.5
1.5 2 17.5

1 2 17

1 2 17

1 2 17
10 30 250
1.5 2 17.5
30 60 510
30 60 510
30 60 510
30 60 510
30 60 510
10 30 250
10 30 250
30 60 510
0.2 0.2 1.8
0.9 0.9 8.1
0.9 0.9 8.1
0.2 0.2 1.8
0.9 0.9 8.1
0.9 0.9 8.1
0.9 0.9 8.1
0.2 0.2 1.8
0.2 0.2 1.8
0.9 0.9 8.1
0.2 0.2 1.8
0.2 0.2 1.8
0.1 0.1 0.9
0.1 0.1 0.9
0.2 0.2 1.8

8 24 200
2.7 8.1 67.5
0.2 0.2 1.8
0.2 0.2 1.8
0.9 0.9 8.1
0.9 0.9 8.1
0.1 0.1 0.9
0.9 0.9 8.1
0.2 0.2 1.8
0.9 0.9 8.1
0.9 0.9 8.1
0.2 0.2 1.8
0.9 0.9 8.1
0.2 0.2 1.8
0.2 0.2 1.8
0.2 0.2 1.8
0.2 0.2 1.8
0.2 0.2 1.8
0.2 0.2 1.8
0.9 0.9 8.1
0.2 0.2 1.8

23

Continued on next page



Efficient Cost-Aware LLM Evaluation via Bayesian Bandit Gittins Indices

Table 4. AlpacaEval model-level pricing table (continued).

Model Input Output Combined
pairrm-tulu-2-70b 0.9 0.9 8.1
pairrm-zephyr-7b-beta 0.2 0.2 1.8
phi-2-dpo 0.1 0.1 0.9
phi-2-sft 0.1 0.1 0.9
phi-2 0.1 0.1 0.9
platolm-7b 0.2 0.2 1.8
pythia-12b-mix-sft 0.1 0.1 0.9
recycled-wizardlm-7b-v1.0 0.2 0.2 1.8
recycled-wizardlm-7b-v2.0 0.2 0.2 1.8
text_davinci_001 20 20 180
text_davinci_003 20 20 180
tulu-2-dpo-13b 0.2 0.2 1.8
tulu-2-dpo-70b 0.9 0.9 8.1
tulu-2-dpo-7b 0.2 0.2 1.8
ultralm-13b-best-of-16 3.2 3.2 28.8
ultralm-13b-v2.0-best-of-16 3.2 3.2 28.8
ultralm-13b-v2.0 0.2 0.2 1.8
ultralm-13b 0.2 0.2 1.8
vicuna-13b-v1.3 0.2 0.2 1.8
vicuna-13b-v1.5 0.2 0.2 1.8
vicuna-13b 0.2 0.2 1.8
vicuna-33b-v1.3 0.9 0.9 8.1
vicuna-7b-v1.3 0.2 0.2 1.8
vicuna-7b-v1.5 0.2 0.2 1.8
vicuna-7b 0.2 0.2 1.8
wizardlm-13b-v1.1 0.2 0.2 1.8
wizardlm-13b-v1.2 0.2 0.2 1.8
wizardlm-13b 0.2 0.2 1.8
wizardlm-70b 0.9 0.9 8.1
xwinlm-13b-vO0.1 0.2 0.2 1.8
xwinlm-70b-v0.1 0.9 0.9 8.1
xwinlm-7b-v0.1 0.2 0.2 1.8
zephyr-7b-alpha 0.2 0.2 1.8
zephyr-7b-beta 0.2 0.2 1.8

Gaussian approximation. For benchmark scores grouped in batches, a batch of B responses produces an empirical
mean score. For binary-accuracy benchmarks such as GSMS8K, PIQA, and MMLU, the default observation variance is

2 = 1=(4B), the worst-case binary variance divided by the batch size. For AlpacaEval, matrix entries are continuous
pairwise preference scores in [0; 1] rather than binary correctness labels. We therefore do not use the binary worst-case
variance 1=(4B) as the default observation noise for AlpacaEval; instead, we use the same batch-noise scale as in the main
reported Gittins runs for that benchmark. For other score types, we estimate 2 from pilot batches or historical response
matrices, and we also consider plug-in variances in which 2 is updated from the current posterior mean.

Prior settings. All arms use the same prior mean and variance, representing a shared belief before benchmark-specific
evidence is collected. Table 5 lists the general default prior and the data-specific common priors used by Gittins-G and
Gittins-S. Figures 5, 6, and 7 show the MMLU latent-accuracy distributions used to motivate the informative prior buckets.

D. Additional Experiment Results

D.1. Ablation Studies

We include three ablations to separate the statistical and cost-sensitive components of the Gittins index policy.

Choice of common prior. We compare the common priors listed in Table 5. This ablation tests whether Bayesian

allocation gains come from useful shared prior information or from the index rule alone, without giving different arms
different prior means.
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Table 5. Prior settings used in the Gittins-index experiments. We report Gaussian priors as N (o, vo). The default prior is a general
accuracy-scale choice. Dataset-specific priors provide shared benchmark-level information without using arm-specific prior means.

Benchmark / group Prior Description

All benchmarks N (0.5,0.04) General default prior

GSMS8K N (0.2,0.01) Dataset-specific common prior
PIQA N (0.3,0.02) Dataset-specific common prior
AlpacaEval N (0.1,0.02) Dataset-specific common prior
MMLU low-accuracy bucket N (0.4,0.02) Harder subjects

MMLU medium-accuracy bucket N (0.6,0.02) Medium-difficulty subjects
MMLU high-accuracy bucket N (0.75,0.01) Easier subjects

Table 6. Batch-size settings used in the simple-regret experiments. For UCB-E and both Gittins variants, batch size B denotes the number
of benchmark examples queried for the selected arm at each allocation step. UCB-E-LRF uses B = 32 in all reported settings. BO
baselines operate at the configuration level, so evaluating one candidate reveals its aggregate score and does not use a bandit batch size.
For MMLU, subject matrices are grouped by the number of benchmark examples, and the batch-size grid for UCB-E and Gittins is chosen
according to this subject-size bucket.

Benchmark / group  Matrices Example-count rule Batch sizes
GSM8K 5 response matrices 1000 examples each B 2 f8,16,32g
PIQA 5 response matrices 1000 examples each B 2 18,16,32g
AlpacaEval 1 pairwise score matrix 805 instructions B 2 f8,16,32g
MMLU small 22 subject matrices Nexamples 150 B 2 12,4,8¢g
MMLU medium 30 subject matrices 151  nexampless 400 B 2 f4,8,169
MMLU large 5 subject matrices Nexamples > 400 B 2 18,16, 329

Batch size. For UCB-E and the Gittins variants, we vary the batch size B used to construct empirical batch-mean
observations. Smaller batches provide more frequent adaptation but noisier observations; larger batches reduce Gaussian
approximation error and posterior noise but make each allocation decision coarser. UCB-E-LRF uses B = 32 in the
reported settings, while BO baselines operate at the configuration level and therefore do not use a bandit batch size. Table 6
summarizes the batch-size grids used for GSM8K, PIQA, and the MMLU subject-size buckets.

Cost-scaling factor. The Gittins index policy uses a cost-scaling factor to map evaluation costs into the continuation
penalty in the index computation. In the unit-cost setting, this factor is applied to a common unit cost for each evaluation;
in the cost-aware setting, it is applied to the original per-evaluation costs. This parameter controls the effective price of
continuing to sample: larger values make additional evaluations more costly and therefore favor earlier stopping, whereas
smaller values encourage longer exploration. In our experiments, we sweep three cost-scaling factors, 10 3,10 4, and
10 5, for both unit-cost and cost-aware Gittins variants. Unless otherwise specified, the main reported figures use 10 4
which we found to provide a representative balance between stopping early and continuing exploration.

D.2. Per-Subject MMLU Results

We provide additional MMLU results under informative priors in Figures 8—13. The subjects are grouped into easy, medium,
and hard groups according to their empirical mean arm quality. The corresponding prior means are o = 0:75, ¢ = 0:6,
and o = 0:4, respectively. For each bucket, we report both unit-cost results, where the horizontal axis is the number of
evaluations, and cost-aware results, where the horizontal axis is cumulative evaluation cost. Across the MMLU subjects, the
Gittins-based policies generally improve over UCB-E, but the stronger variant depends on the difficulty bucket. Gittins-G
performs particularly well on easy subjects, while Gittins-S is more consistently effective on medium and hard subjects,
suggesting that a data-specific prior is more helpful when the average task difficulty is lower. The cost-aware setting further
amplifies the advantage of the Gittins-based methods, especially in the medium and hard buckets.
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