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ABSTRACT
Motivated by the problem of selecting the best large language

model (LLM) under heterogeneous querying costs, we study a

variant of the multi-armed bandit problem with (i) dueling feed-

back, where pairwise comparisons provide preference signals, and

(ii) heterogeneous sampling costs. Assuming the existence of a

Condorcet winner—an assumption we validate empirically on real-

world datasets—we propose a Track-and-Stop style algorithm for

best-arm identification with prescribed confidence. We prove that

the algorithm almost surely achieves asymptotically optimal cost

as the error probability tends to zero. Experiments on synthetic

and real-world datasets demonstrate consistent improvements over

classical cost-unaware methods and existing cost-aware baselines.
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1 INTRODUCTION
Sequential decision-making under uncertainty is a fundamental

challenge in machine learning, with the multi-armed bandit (MAB)

model serving as its canonical abstraction. While classical bandits

assume access to scalar rewards, many real-world applications pro-

vide feedback only via pairwise preferences. This preference-based

feedback has emerged as a more reliable signal in human-centered

evaluation tasks, as individuals often find it easier to answer “Which

of these two options is better?” than to assign consistent absolute

scores [3, 8, 9].

Such preference-based feedback is naturally modeled using the

dueling bandit framework, where the learner observes noisy pair-

wise comparisons rather than scalar rewards [10, 11]. An instance

of a dueling bandit problem is characterized by a preference matrix
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P = [[𝑝𝑖, 𝑗 ]], where 𝑝𝑖, 𝑗 reflects the probability that arm 𝑖 wins over

arm 𝑗 in a duel.

While originally motivated by information retrieval and recom-

mendation systems, preference-based learning has recently become

central to the evaluation of large languagemodels (LLMs). Platforms

such as Chatbot Arena [1] rely on head-to-head human compar-

isons to rank models, as automatic metrics often suffer from data

leakage and misalignment with human judgment. In this context,

each arm corresponds to a model, and comparisons are obtained

through human preference feedback, naturally giving rise to a du-

eling bandit formulation.

A critical, yet often overlooked factor in these applications is

that the comparisons may incur heterogeneous costs; for instance,

generating responses from different models can require vastly dif-

ferent computational or monetary resources. Despite this, existing

dueling bandit algorithms almost universally assume uniform costs

per comparison.

This gap motivates our study of cost-aware best-arm identifica-

tion under dueling feedback. We consider a setting where each arm

has a known sampling cost, and the cost of a comparison is the sum

of the costs of the involved arms. Assuming the existence of a Con-

dorcet winner, we characterize the instance-dependent optimal cost

complexity for identifying the best arm. We derive a closed-form

expression for the optimal cost allocation and propose a cost-aware

Track-and-Stop algorithm that is 𝛿-probably correct and asymp-

totically optimal. Finally, we validate our approach on synthetic

data and real-world LLM evaluation benchmarks, demonstrating a

consistent reduction in total sampling costs.

2 PROBLEM FORMULATION
We consider a general 𝐿-armed dueling bandit problem where a

learner is given access to 𝐿 arms, denoted by L := [𝐿]. Unique
to this work, each arm 𝑖 ∈ L has an associated sampling cost

𝑐𝑖 > 0, where the vector of costs C := (𝑐1, 𝑐2, . . . , 𝑐𝐿) is known
apriori. At each time step 𝑡 = 1, 2, . . . , the learner selects a pair

of arms 𝑎𝑡 := (𝑎𝑡,1, 𝑎𝑡,2) with 𝑎𝑡,1, 𝑎𝑡,2 ∈ L. Upon selecting this

pair, the learner incurs a cost 𝑐𝑎𝑡,1 + 𝑐𝑎𝑡,2 and observes the outcome

of the duel between them. For each pair (𝑖, 𝑗), the outcome is an

independent Bernoulli random variable with probability 𝑝𝑖, 𝑗 , where

𝑝 𝑗,𝑖 = 1 − 𝑝𝑖, 𝑗 .

We assume the existence of a Condorcet winner, i.e., an arm

𝑎∗ ∈ L such that 𝑝𝑎∗, 𝑗 > 1/2 for all 𝑗 ≠ 𝑎∗. The learner does not
know the preference matrix P apriori and must identify 𝑎∗ through
sequential sampling of arm pairs. Given a confidence parameter

𝛿 ∈ (0, 1), an algorithm is said to be 𝛿-probably correct (𝛿-PC) if
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P(𝑎𝜏𝛿 ≠ 𝑎∗) ≤ 𝛿, where 𝜏𝛿 denotes its stopping time and 𝑎𝜏𝛿 its

recommendation. The objective is to design 𝛿-PC algorithms that

minimize the expected total sampling cost

𝐽 (𝜏𝛿 ) :=
𝜏𝛿∑︁
𝑡=1

(𝑐𝑎𝑡,1 + 𝑐𝑎𝑡,2 )

3 LOWER BOUND
Let K = {(𝑖, 𝑗) : 1 ≤ 𝑖 < 𝑗 ≤ 𝐿} denote the set of arm pairs. For

an instance 𝜈 = (C, P), let 𝜖alt (𝜈) denote the set of valid alternative

instances (having a Condorcet winner) with the same cost vector

but a different best arm:

𝜖alt (𝜈) = {𝜈 ′ = (C, P′) : 𝑎∗ (𝜈 ′) ≠ 𝑎∗ (𝜈)}.
A standard change-of-measure argument (as in [2]) yields an

information-theoretic lower bound in terms of a min–max opti-

mization over pairwise sampling weights and alternative instances

[4, 6, 7]. Such bounds are typically not directly interpretable and the

optimal sampling fractions rarely admit closed-form characteriza-

tions. In contrast, exploiting the Condorcet structure of the present

formulation, we show that the optimal cost complexity simplifies

to an explicit closed form as given in Theorem 3.1.

Theorem 3.1. Given an error threshold 𝛿 ∈ (0, 1), let 𝐽 (𝜏𝛿 ) denote
the cost incurred by a 𝛿-PC algorithm. Then
E𝜈 [𝐽 (𝜏𝛿 )]
log(1/4𝛿) ≥

∑︁
𝑚∈L\{𝑎∗ (𝜈 ) }

1

max𝑛≠𝑚

(
1

𝑐𝑚+𝑐𝑛 𝑑
(
𝑝𝑚,𝑛,max(0.5, 𝑝𝑚,𝑛)

) ) .
Theorem 3.1 provides an interpretable instance-dependent char-

acterization of the optimal cost complexity and yields a closed-form

description of the optimal sampling allocation. This structural sim-

plification plays a central role in the design of our algorithm in the

next section.

4 ALGORITHM
We now present the Dueling Bandit Cost-Aware Track-and-Stop

(DCTAS) algorithm. Let 𝑁𝑖, 𝑗 (𝑡) denote the number of duels of pair

(𝑖, 𝑗) up to time 𝑡 , and 𝑝𝑖, 𝑗 (𝑡) the empirical preference estimates.

Using
ˆP(𝑡) and the known costs C, DCTAS computes the estimated

optimal pull fractions 𝛼 (𝑡) from the closed-form allocation charac-

terized in Section 3.

Tracking rule. At time 𝑡 , if there exists a pair (𝑖, 𝑗) ∈ K such

that 𝑁𝑖, 𝑗 (𝑡) <
√
𝑡 , a least-sampled pair is selected. Otherwise, DC-

TAS selects the pair whose empirical pull count most lags its target

allocation:

𝑎𝑡 = argmin

(𝑖, 𝑗 ) ∈K

(
𝑁𝑖, 𝑗 (𝑡) −

𝑡∑︁
𝑠=1

𝛼𝑖, 𝑗 (𝑠)
)
.

Stopping rule. To decide when to stop, DCTAS employs a

Chernoff-style stopping rule. For arms 𝑖, 𝑗 , let

𝑍𝑖, 𝑗 (𝑡) =
∑︁
𝑘∈L

𝑁 𝑗,𝑘 (𝑡) 𝑑
(
𝑝 𝑗,𝑘 (𝑡),max{0.5, 𝑝 𝑗,𝑘 (𝑡)}

)
−

∑︁
𝑘∈L

𝑁𝑖,𝑘 (𝑡) 𝑑
(
𝑝𝑖,𝑘 (𝑡),max{0.5, 𝑝𝑖,𝑘 (𝑡)}

)
.

Next, let 𝑍 (𝑡) =max𝑖∈L min𝑗≠𝑖 𝑍𝑖, 𝑗 (𝑡). The algorithm stops at

𝜏𝛿 = inf{𝑡 : 𝑍 (𝑡) > 𝛽 (𝑡, 𝛿)},

and returns the arm 𝑖 = arg𝑚𝑎𝑥𝑖∈L min𝑗≠𝑖 𝑍𝑖, 𝑗 (𝑡).
Further, the following theorem establishes correctness.

Theorem 4.1. For any 𝛿 ∈ (0, 1), DCTAS is 𝛿-PC and satisfies

lim sup

𝛿→0

𝐽 (𝜏𝛿 )
log(1/𝛿) ≤ 𝑐∗ (𝜈),

where 𝑐∗ (𝜈) is given in Theorem 3.1.

Thus, DCTAS asymptotically matches the cost lower bound,

establishing optimal cost complexity under heterogeneous compar-

ison costs.

5 NUMERICAL EXPERIMENTS
We evaluate the empirical performance of DCTAS against several

baselines on both synthetic and real-world dueling bandit instances

derived from LLM evaluation data.

Baselines.We compare with: (i) TAS, the cost-unaware Track-
and-Stop obtained by setting uniform costs; (ii) CRR, a cost-aware
round-robin scheme that selects the pair minimizing 𝑁𝑖, 𝑗 (𝑡) (𝑐𝑖 +𝑐 𝑗 )
with the same stopping rule as DCTAS; (iii) DPCA, a cost-aware
explore–verify algorithm based on Karnin [5]; and (iv) DCTAC,
which uses the same tracking rule as DCTAS but a confidence-

interval stopping rule.

Synthetic instance. We first consider a three-arm synthetic

instance with a unique Condorcet winner and heterogeneous costs

C = (𝑘, 1, 1), where 𝑘 ∈ [1, 19]. Across 500 trials with 𝛿 = 0.01, DC-

TAS consistently incurs lower identification cost than TAS. As the

cost of the best arm increases, the optimal allocation shifts toward

cheaper comparisons, and DCTAS adapts its sampling accordingly,

while TAS continues to oversample expensive pairs.

Real-world datasets.Wenext evaluate onChatbot Arena datasets

[1], which provided pairwise preference outcomes and query costs

for LLMs across text-to-image, text-to-text, vision, and search tasks.

Across all datasets (100 trials, 𝛿 = 10
−10

), DCTAS consistently

reduces cost relative to TAS and other baselines, confirming the

benefit of cost-aware tracking under realistic LLM cost heterogene-

ity. Moreover, DCTAC achieves the lowest empirical cost, indicating

that replacing the Chernoff stopping rule with a confidence-interval

criterion can enable earlier termination in practice while preserving

the advantages of the cost-aware sampling rule.

6 CONCLUSION
We studied cost-aware best-arm identification in dueling bandits

motivated by heterogeneous LLM querying costs. Under a Con-

dorcet assumption, we derived an explicit instance-dependent lower

bound on optimal sampling cost and proposed DCTAS, a cost-

aware Track-and-Stop algorithm with a Chernoff stopping rule.

We showed that DCTAS is 𝛿-PC and asymptotically cost-optimal.

Further experiments on synthetic and real-world LLM preference

datasets illustrate the benefits of cost-aware allocation under het-

erogeneous comparison costs.

Extended version. All proofs, detailed experimental results, and

plots validating the claims are provided in the extended version of

this paper.
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