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Abstract

Recent advances in large language models (LLMs) have enabled automated dataset
labeling with minimal human supervision. While majority voting across multiple
LLMs can improve label reliability by mitigating individual model biases, it incurs
high computational costs due to repeated querying. In this work, we propose a
novel online framework, Cost-aware Majority Voting (CaM Vo), for efficient and
accurate LLM-based dataset annotation. CaMVo adaptively selects a subset of
LLMs for each data instance based on contextual embeddings, balancing confi-
dence and cost without requiring pre-training or ground-truth labels. Leveraging
a LinUCB-based selection mechanism and a Bayesian estimator over confidence
scores, CaM Vo estimates a lower bound on labeling accuracy for each LLM and
aggregates responses through weighted majority voting. Our empirical evalua-
tion on the MMLU and IMDB Movie Review datasets demonstrates that CaM Vo
achieves comparable or superior accuracy to full majority voting while significantly
reducing labeling costs. This establishes CaM Vo as a practical and robust solution
for cost-efficient annotation in dynamic labeling environments.

1 Introduction

The rapid proliferation of data across domains has created an urgent need for accurate, large-scale
annotation pipelines. While human experts and crowd workers have been the gold standard for dataset
labeling, manual annotation is notoriously slow, expensive, and prone to inter-annotator inconsistency
Petrovic et al.|[2020]. As machine learning models become increasingly sophisticated, their demand
for high-quality, richly labeled datasets only intensifies, exacerbating this bottleneck.

Recent advances in large language models (LLMs) offer a promising remedy: by leveraging
transformer-based architectures such as GPT, it is now possible to automate much of the label-
ing workload. LLMs excel at natural-language understanding, reasoning, and contextual inference,
enabling rapid generation of annotations with minimal human effortNaveed et al.| [2023]].

However, relying on a single LLM introduces issues of biases inherited from its training data and
stochastic variability across repeated queries, undermining reliability and reproducibility Errica et al.
[2024], L1 et al.|[2024a]]. A common strategy to bolster label quality is ensembling: querying multiple
LLMs, or multiple samples from the same model, and aggregating their outputs via majority voting.
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This reduces hallucinations and offsets the bias of individual models but substantially increases cost,
as each additional model increases latency and compute expenditure Yang et al.|[2023]]. In practice,
querying every available LLM for each instance is often wasteful and unnecessary.

In this paper, we address this trade-off by adaptively selecting a subset of LLMs for majority voting
on each input, achieving comparable accuracy to full-ensemble voting while dramatically cutting
cost. Unlike prior work on LLM weight optimization or query routing—which presumes access to
ground-truth labels or a pre-trained routing model (Chen et al.| [2024]], Nguyen et al.[[2024], Ding
et al.|[2024]]—our method operates online, without any held-out training set or ground truth.

Our contributions are as follows:

1. Online formulation. To the best of our knowledge, this is the first work on LLM-based
dataset labeling in which both vote weights and the queried subset of LLMs are adapted in
real time, i.e. without relying on a pre-trained model or a dedicated training set.

2. Cost-aware Majority Voting (CaM Vo). We propose CaM Vo, an algorithm that combines a
LinUCB-style contextual bandit with a Bayesian Beta-mixture confidence estimator. For
each candidate LLM, CaM Vo computes a lower confidence bound on its correctness proba-
bility given the input’s embedding, then selects the smallest-cost subset whose aggregated
confidence exceeds a user-specified threshold .

3. Empirical validation. Through experiments on the MMLU benchmark and the IMDB
Movie Review dataset, we show that CaMVo matches or exceeds the accuracy of full
majority voting (majority voting with all available LLMs) while significantly reducing the
cost: on MMLU, CaM Vo achieves higher accuracy with around 40% lower cost; on IMDB,
it attains only 0:17% drop in accuracy while halving query expenditure.

1.1 Related Work

Ensembling and Majority Voting with LLMs. Aggregating outputs from multiple LLMs (or
repeated queries to a single LLM) via majority voting has become a popular strategy to boost
annotation reliability. |Chen et al.| [2024] analyze the effect of repeated queries to a single model
and observe a non-monotonic accuracy curve: performance improves initially but degrades beyond
an optimal number of calls due to task heterogeneity. While additional LM calls enhance accuracy
on easier queries, they may introduce noise or inconsistency that degrades performance on more
challenging ones. To address this, the authors propose a scaling model that predicts the optimal
number of LM calls required to maximize aggregate performance. |Trad and Chehab, [2024] compare
re-querying and multi-model ensembles, showing that ensemble strategies are most effective when
individual models or prompts exhibit comparable performance levels, and ensemble gains may
diminish when individual model accuracies diverge.

Yang et al.|[2023]] propose a weighted majority-voting ensemble for medical QA, combining dynamic
weight adjustment with clustering-based model selection. However, their approach relies on offline
training data and focuses solely on improving accuracy, without accounting for the cost of querying.
In contrast, our approach selects a cost-effective subset of heterogeneous LLMs online, without any
pre-training.

LLM Query Routing. Query routing addresses the problem of selecting a single LLM per query to
optimize cost or latency under performance constraints. [Nguyen et al.|[2024] cast LLM selection as a
contextual bandit problem, training offline on labeled data to learn a routing policy that maps query
embeddings to a single optimal LLM under a total budget constraint of b. [Ding et al.|[2024] train a
router to distinguish “easy” versus “hard” queries, sending easy tasks to local LLMs and hard ones to
cloud APIs. Unlike these methods, our method operates in a fully online setting without access to
labeled training data, updating the model dynamically during the labeling process. Moreover, rather
than routing to a single LLM, we select a cost-efficient subset for majority voting.

Confidence Estimation in LLM Outputs. Estimating model confidence can guide automatic label
selection. [Kadavath et al.|[2022] explore how a language model’s own uncertainty estimates can serve
as predictors of answer correctness, and find that the cumulative log-probability the model assigns to
its generated token sequence correlates strongly with factual accuracy across diverse benchmarks.
Li et al.[[2024a] generate code multiple times and use output similarity as a proxy for confidence,



choosing the most consistent result. While these works focus on self-consistency of a single model,
we estimate a probabilistic lower bound on each LLM's correctness via a Bayesian Beta-mixture
model, incorporating both past performance and context.

Weighted Majority Voting. Beyond simple voting, weighted schemes assign each annotator or
model a reliability score such as the accuracy of the annotator, or the label con dence reported by the
annotator. One notable approach is the GLAD modéel by Whitehilllgt al. [2009], which formulates
weighted majority voting as a probabilistic inference problem over annotator expertise and task
dif culty. GLAD jointly estimates per-annotator reliability and per-item ambiguity via a generative
model, using an EM algorithm to infer the latent variables. Li and|Yu [2014] introduce Iterative
Weighted Majority Voting (IWMV) to aggregate noisy crowd labels by iteratively estimating worker
reliability, and show it approaches the oracle Maximum A Posteriori (MAP) solution.

Crowdsourcing. |[Rangi and Franceschétti [2018] utilize the bandits-with-knapsacks framework to
dynamically estimate worker accuracy and allocate tasks in real time to maximize overall labeling
quality within a budget. Another in uential model is by Raykar et al. [2010], which jointly infers
true labels and annotator reliabilities by modeling each worker's confusion matrix. Through an
expectation—maximization procedure, the method down-weights inconsistent annotators and yields
more accurate aggregated labels without prior knowledge of worker quality. Our method parallels this
online estimation but differs in that it leverages contextual embeddings and targets LLM ensembles
rather than human annotators.

The comparison of our work with prior work is summarized in Téble 1

Method Ensemble Type Pretrained Online Contextual
Ours (CaMVo) Subset voting No Yes Yes
Yang et al. [2023] Weighted voting Yes No Yes
Nguyen et al. [2024] Single-model routing Yes No Yes
Ding et al. [2024] Single-model routing Yes No Yes
Chen et al. [2024] Re-querying No No No

Li et al. [20244] Re-querying No No Yes

Li and Yu [2014] Crowd aggregation No Yes No
Rangi and Franceschetti [2018] Crowd assignment No Yes No
Raykar et al. [2010] Crowd aggregation No Yes No

Table 1: Comparison of our work with prior ensemble and routing approaches.

2 Problem Statement

In this section, we formally de ne the problem setting, introduce the baseline algorithm, and provide
some results that will be used by our proposed algorithm, which will be introduced in §3.

text sample). Let there be a §&f] of K distinct large language models (LLMs), where each LLM

li is associated with a known cost per tokerand can be represented as a functionQ ' R

mapping a querg 2 Q to aresponse2 R . We denote the total number of possible labels for the
dataseD asM . The objective in this setting is to assign a predicted Igb& [M] to each data
instancex; by querying a subset of the available LLMs and aggregating their outputs. Labeling is
performed sequentially, where each data instands processed in round In each round, LLMs

are queried independently of other LLMs and without memory of prior interactions (i.e., no context

is preserved between rounds). Furthermore, all queries are made in a zero-shot setting, meaning that
no task-speci ¢ ne-tuning or additional training data is used.

To serve as a baseline, we introduce the following weighted majority voting scheme. In this scheme,
the predicted labelyfor instance x is determined by aggregating the votes of all K LLMs using:

X
Y =arg max Paeri () 1fy ix =mg; 1)
m2[M] i1



wherelf g is the indicator function that returns 1 if the condition is true and 0 otherwisey;and
denotes the label outputted by LLMfor instancex;. Since the true label is not available in our
setting, we use the|§mpirical accuracy of mddetlative to the predicted labels as the voting weight.

Hence,! geri(t) = ( tsil I(Yis =¥s))=Ni:; whereN;; denotes the number of times LLMhas
been queried up to rourtgdlandys is the predicted label for roursl The pseudocode for this scheme,

which we refer to as the baseline method, is provided in Algorithm 2 in Appendix C.

The goal is to label the datadetin a cost-ef cient manner by dynamically selecting a subset of
LLMs for each data instancg. To facilitate this selection, we assume access to a nitaiél( )

that generates ddimensional embedding = Emb(x;) for x; in roundt. This embedding serves

as a representation of the instance and plays an analogous role to the context in a contextual bandit
framework. Using this embedding, our approach, which will be introduced in § 3, estimates a lower
bound on the probability that a given LLMwill produce the correct label fot;, and utilizes this

bound to determine the subset of LLMs. The details for estimating this lower bound is given in § 3.

Naturally, selecting only a subset of LLMs rather than querying all available models may result
in reduced labeling accuracy. To manage this trade-off, we introduce a user-de ned parameter
2 [0; 1] that speci es the desired minimum relative con dence of the selected subset compared

to the full majority vote using alk LLMs. LetL;; denote the lower con dence bound on the
estimated probability that LLNt correctly labels instance, at roundt. Our algorithm identi es

the cost-minimizing subset of LLMs whose aggregated con dence, relative to that of the baseline
method, satis es the accuracy constraint imposed by .

We will leverage the following result to estimate the con dence of the majority vote label based on
the Lix and!;; values when majority voting is performed over a subset A of LLMs.

Lemma 2.1. Let! ; denote the weight and; the lower con dence bound on the correctness of
the output from LLM;. Suppose the outputs of LLMs are conditionally independent given the data
instance. Then, for a subset of LLMs [K] , the lower bound on the probability that majority
voting over the subset yields the correct label is given by
X Y Y
NEHE Li T L) 2)
SA i2S j2AnS

P
where Wo = ,, !i. Proof of this result is provided in Appendix A.

For practical purposes and computational ef ciency, this expression may be approximated as
AlLYD) 1 F  Beta(0:5 Wia s Wa W 1:a ); whereFgew(X; ; p is the CDF of aBeta( ; )
distribution evaluated at point x, WA = 5 !i Li,andWa =, !i.

Note that Lemma 2.1 can be extended to remove the conditional-independence assumption using
Bahadur's model, which characterizes the joint distribution of binary variables using their marginal
probabilities, second-order dependence terms known as Bahadur parameters, and higher-order inter-
action terms [Bahadur, 1961]. This framework allows the computation of majority vote con dence

by summing the probabilities of all outcomes where the majority label is correct. However, the
absence of a closed-form expression and the exponential growth in computational complexity with
the number of variables limit its practical use. In practice, Monte Carlo—based simulation methods
can approximate the majority-vote con dence by generating correlated LLM outputs; we describe
and analyze CaMVo with one such approach in §G.

Finally, we introduce a user-speci ed paramétgy, , which enforces a oor on the number of LLMs
queried per instance. By requiring at lekgf, votes in every round, this constraint further safeguards
label quality—ensuring that no annotation is based on fewer thanrkodel predictions.

The proposed Cost-aware Majority Voting (CaMVo) algorithm, which incorporates these results and
user-de ned parameters, is presented in §83.

3 The CaMVo Algorithm

We propose a novel algorithm, Cost-aware Majority Voting (CaMVo), for ef cient dataset labeling
with large language models (LLMs). CaMVo aims to select a cost-effective subset of LLMs for
each input instance by leveraging contextual embeddings to estimate a lower con dence bound on



the probability that each model will produce a correct label. These bounds are computed using a
LinUCB-based framework [Li et al., 2010]. Based on this information, CaMVo identi es a subset of
LLMs such that the con dence of their weighted majority vote exceeds a user-speci ed threshold

If no such subset exists, the algorithm defaults to querying all available models. The pseudo-code of
CaM\o is provided in Algorithm 1, and consists of six main steps described below.

Algorithm 1 Cost-aware Majority Voting (CaMVo) Algorithm

1: Input: Set of LLMs [K], cost per token; 11: end for
for each LLMi, embedding modeEmb(), 12: A¢ Oracle(L ;! +¢; ;Kmin)
con dence threshold, LinUCB regulariza- 13: Query LLMs: yp=1;(Xt); i2 A ¢

tion parameter |, exploration parameter, 14: fioargmax m  pa iy o=m i)

regularization parameter 15 ifjA(j> 1then '
2: Aip Lla; bio O 45 8i2[K] 16: for each LLMi 2 A, do
3: foreachroundt=1;2;:::;T do 17 e 1fy it =¥t9
4 Get context vector:ie Emb(x ) 18: Update: Nt’ N 117 +1
5 for each LLM i = 1;12; : b ;K do 19: Update: A, A 11 +e€]
6 qr(€) € { Ay R 20: Update: B b ji1 +rixe

t .
7 it (t) =it (€r) e Ai;ltl € 21: Update: it %
8 Lit Est i( it (er)) 22: Update the parameters of Est
9 L. Lix Niga + g log(t+1)=2 23: end for
' " Ntz + & 10g(tD) 24:  endif

10: Vit it1 Gt (€t) 25: end for

LinUCB-Based Con dence Estimation. For each LLM;, CaMVo maintains a matrid; 2 R4d
and vectolb; 2 RY, initialized asAip = |14, b0 =0, where | >0 is a user-de ned parameter.
Given g = Emb(x.), the estimated con dence, and its con dence bound is computed as:

G (e) = et>Ai;ltl birr 5 Cit(er) = e Ai;ltl €t
From these, the lower con dence bound (LCB) of LLM con dence can be found as:

it (€1) =iz () C ix (er):
Since this is an LCB of a probability, we clip it between 0 and 1 when it is out of range [0,1].

Bayesian Estimation of Label Correctness. Given the inherent probabilistic nature of LLM
outputs, the estimated con dence score may not reliably indicate the correctness of a label. To address
this, we introduce a Bayesian estimaist () that models the posterior probability thds prediction

is correct, conditioned on this con dence. First, we de ne a latent varibhle= 1fy ;1 = 0,

wherey is the assigned label. Note that ideally, the true label should be used instgadatf since

we do not have access to the true label, we insteaghud&e model the conditional likelihood of

G (e1), given the latent variablejh, as a Beta-distributed random variable:

Gt (et)jhix =1 Beta( i1; i1); Ot (e)jhix =0 Beta( io0; io):

Further, to modeP(h;; = 1), we use the empirical historical relative accuracy; of ;11 , which
captures the accuracy of LLN relative to the predicted labels up to roundl . Similarly,
P(thit =0)=1 it1 . Applying Bayes' rule with these models, the posterior probability is
modeled as:
iitl Beta(q; i;l; i;l) )
i1 Beta(d; i1; i)+ 1 ) Beta(d; io: o)
We apply this estimator tq. (e(), the LCB of the estimated LLM con dence &s: = Est;( i1 (et))
to encourage exploration under the UCB principle. Note that unlike traditional UCB-based methods

that promote exploration via upper bounds, we use the LCB as it expands the size of the set of LLMs
likely to satisfy the con dence threshold .

Est(@)=Pthix =1jq) =



Regularization. In the absence of ground-truth labels, empirical relative accuracy estimates in
majority voting can over t, resulting in overcon dent weights and biased aggregation. Further, since
subset selection is based on these estimated con dences, early estimation errors can bias the selection
process and lead to compounding errors over time. To address this issue, we regularize the LCB of
the estimated con dence of LLM lusing Laplace smoothing:

Li;t Ni;t + R |Og(t + 1):2
: 3)
Nit + r log(t+1)
where r > 0 is a user-de ned regularization parameter that controls the strength of smoothing.
Laplace smoothing is chosen since it corresponds to using a uniform prior on the Beta estimator, and
hence combines well with the Beta estimator. We uksgyé) term with the Laplace smoothing as

compared to a constant term, as kbg(t) term does not decay as quickly as the constant term and
prevents over tting in the long run.

Lix =

Subset Selection with Oracle. We de ne the weight of LLN} for majority voting ad i1 =

it1 Gt (er). This way the weights of LLMs re ect both their past performance, and also their
expected performance for the current data instance. An Oracle is used to nd the lowest cost subset
whose label con dence is above the thresholasing the computed;; and! ;; values of LLMs.
Using Lemma 2.1, this can be expressed as

A = Oracle(L;! t; ;Kmin) :=arg m/gn ca®: alle;ty) A K min 4)

wherecy (t) = P ioa i Hi(Xt), iisthe cost per token for LLM, andH;(x;) is the token count

of the query to the LLM; for data instance; under the tokenization method of LLM. Since

we expect only one token as output (which will be the label for the data inskahose ignore the

output tokens. Note that as in Lemma 2.1, we assume that the outputs of LLMs are conditionally
independent given the data instance. We analyze the correlated version of CaMVo that does not have
this assumption in Appendix G. Also note that if no séckexists, CaMVo defaults to querying all

LLMs.

Label Assignment. We query the LLMs if\; and receive thgir responses. The labefocan be
assigned via weighted majority vote usingsfarg maxXmam;  pa , i) 1fy ix =mg.

Parameter Updates. [fjA{j > 1, for eachl; 2 A, CaMVo updated\;; , bi; , and i, which is
the empirical relative mean accuracy, as:

P t
s=1 1fy s = 959
I\Ii;t
wherer;; =1fy i1 =¥:g. Note that parameters are not updated wihan= 1 as the reward will
always bel in that case. The Beta distribution parameters, ; in ) can be updated via maximum

likelihood estimation or a method-of-moments approximation based on the mean and variance of
past con dence scores. These approaches are discussed in Appendix B.

Aii A 1 tere]; b b o1 trige it

4 Experiments

4.1 Experiments on the MMLU Dataset

We rst evaluate CaMVo on the MMLU dataset Hendrycks et al. [2021a,b], a challenging multiple-
choice benchmark spanning 57 diverse subjects including mathematics, U.S. history, law, and
computer science. MMLU is well-suited to our setting, as it demands broad world knowledge and
strong reasoning capabilities—conditions under which majority voting is particularly effective. To
reduce computational cost, we restrict our evaluation to the test split, which contains 14,042 instances.

Models and setup. We use the following LLMs: Claude 3 Sonnet and Haiku from Anthropic
Anthropic [2024], GPT-40, 03-mini, and o1-mini from OpenAl OpenAl [2024], and LLaMA-3.3 and
LLaMA-3.1 from Meta Meta [2024]. All models are queried using temperature 0.35 and top-p = 1,
where applicable. To extract contextual embeddings for CaMVo, we use the 384-dimensional sentence
transformemll-MiniLM-L6-v2  Wang et al. [2020]. For computational ef ciency, we approximate

the condence 4 (L;!) using the cumulative distribution function of a Beta distribution. Further
implementation details and experimental setup are provided in Appendix D.



Results. Table 2 (Left) reports the accuracy and cost of individual LLMs, as well as two baselines:
Majority Vote, which aggregates all LLMs using weights proportional to their true accuracy, and the
Baseline Method, which corresponds to Algorithm 2. Cost corresponds to the average input token
cost when labeling the dataset and is reported in dollars per million input tokens. Accuracy re ects
the percentage of data instances correctly labeled. CaMVo's performance under varying con dence
thresholds and minimum vote counts,, 2 f1;3g is shown in Table 3. Note that we include

kmin = 3 in our experiments as model parameters do not get updated when only a single LLM is
queried, a scenario that can occur unkigr, = 1. As a result, users may prefer to avoid setting
Kmin = 1. Moreover, forkmin = 2, the selected pair of LLMs will always yield a majority vote in
favor of the LLM with the higher weight, limiting the informativeness of the voting outcome. The
algorithm is con gured with =0:25 , r =1,and | = 1. The Target Accuracy column re ects

the targeted relative accuracy, which is the minimum relative accuracy CaMVo must exceed to satisfy
the threshold , and is computed as  (Majority Vote Accuracy) = 88:18%.

From Table 2, we observe that among individual models, 03-mini achieves the highest accuracy
at 85.92%, while Majority Vote attains 88.18% at a substantially higher cost of $9.14 per million
tokens. The Baseline Method also matches this accuracy and cost. Table 3 shows that CaMVo
consistently meets or exceeds the desired accuracy levels speci edbsoss all settings &nin -

From Table 3, it can be observed that CaMVo consistently satis es all target accuracy levels de ned
by the con dence parameter Moreover, the accuracy and cost of CaMVo exhibit a predictable
trade-off: as decreases, the cost of labeling decreases accordingly, while accuracy also declines
in a controlled manner. This behavior highlights the exibility of CaMVo in adapting to a wide
range of practical scenarios with varying accuracy and budget constraints. Furthe:87 and

kmin = 1, CaMVo achieves 88.33% accuracy at a cost of only $7.18, outperforming both baselines in
cost-ef ciency. This improvement stems from CaMVo's ability to dynamically select LLM subsets
based on both global accuracy estimates and instance-speci ¢ contextual con dence.

We also observe that whéam,i, = 3, lowering below 0.85 has negligible effect on cost or accuracy.
This occurs because CaMVo settles on the lowest-cost trio: LLaMA-3.3, LLaMA-3.1, and Claude-3.5;
whose combined cost ($1.44) represents a lower bound given the constrajgt on k

LLM / Method Accuracy (%) Cost LLM/Method  Accuracy (%) Cost
03-mini 85.92 1.10 gpt-40 95.68 2.50
claude-3-7-sonnet 85.65 3.00 03-mini 95.40 1.10
ol-mini 84.82 1.10 claude-3-5-haiku 95.05 0.80
gpt-40 83.58 2.50 gpt-40-mini 94.60 0.15
llama-3.3-70b 81.70 0.59 ol-mini 94.52 1.10
llama-3.1-8b 68.01 0.05 llama-3.1-8b 94.06 0.05
claude-3-5-haiku 64.09 0.80 llama-3.3-70b 92.23 0.59
Majority Vote 88.18 9.14 Majority Vote 95.62 6.29
Baseline Method 88.18 9.14 Baseline Method 95.61 6.29

Table 2: Accuracy and cost of individual LLMs and baseline ensemble methods on the MMLU
dataset (Left), and the IMDB Movie Reviews Dataset (Right).

Figure 1 (Left) illustrates the cost—accuracy trade-off of All Subsets versus CaMVo. Each gray point
represents one of tt? 1 possible LLM subsets voted via ground-truth accuracies, while the yellow
curve depicts those that are Pareto-optimal. CaMVo's results appear as blue markgys fod

and green markers fda,i, = 3. The red marker denotes the Baseline Method. Remarkably, even
without any a priori knowledge of LLM performance, or any pre-training, CaMVo consistently
tracks, and sometimes surpasses the Pareto frontier, demonstrating its ability to approximate optimal
cost—accuracy trade-offs in an online manner.

Figure 1 (Right) shows CaMVo's cumulative average accuracy (blue) and cost (red) fh@6 ,

kmin = 1; the green horizontal line indicates the target accuracy. In early rounds, CaMVo explores
larger, more expensive subsets, yielding both high cost and high accuracy. As the LCB estimates
converge, the algorithm rapidly shifts to smaller, cheaper subsets that still satisfy the accuracy
threshold. Cost declines steeply while accuracy stabilizes just above the target, illustrating CaMVo's
ability to quickly identify and exploit the most cost-effective ensembles without sacri cing labeling
quality. Additional plots with different parameters are provided in Appendix D.



Target Acc. (%) Cost Acc. (%) Cost

CaMVO e (%) Kmn =1 Kmn =1 Kmn =3  Kmn =3
0.99 87.30 88.47 9.14 88.47 9.14
0.98 86.42 88.59 8.57 88.59 8.57
0975 8598 88.49 7.80 88.49 7.80
0.97 8553 88.35 6.67 88.33 6.67
0965  85.09 88.27 5.66 88.27 5.66
0.96 84.65 87.98 4.74 88.03 4.74
0955 8421 87.40 3.38 87.01 3.36
0.95 83.77 86.82 2.76 87.01 2.96
0.90 79.36 84.88 1.19 84.80 1.81
0.85 74.95 84.41 1.03 82.14 158
0.80 70.54 82.12 0.70 81.32 151
0.75 66.14 68.80 0.16 81.24 150
0.70 61.73 68.38 0.14 81.22 1.50

Table 3: Accuracy and cost of CaMVo on the MMLU dataset under varying con dence thresholds
and kyin 2 f1; 3g. For reference, the cost of the baseline method is $9.14 per million tokens.

Figure 1: (Left) Cost—accuracy trade-off for MMLU dataset: gray dots show every LLM subset via

weighted majority voting, yellow dots trace their Pareto-optimal frontier, blue markers are CaMVo at

kmin =1, green markers &, = 3, cyan markers denote the individual single LLMs, and the red

marker denotes the Baseline Method. (Right) Cumulative average accuracy and cost of CaMVo with
= 0:96, K min = 1 over rounds.

4.2 Experiments on the IMDB Movie Reviews Dataset

We next test CaMVo on the IMDB Movie Reviews dataset Maas et al. [2011], a balanced binary-
sentiment benchmark of 50,000 movie reviews. As before, we compare CaMVo against each
individual LLM, a full-ensemble Majority Vote, and the Baseline Method (Algorithm 2).

Models and setup. We employ Anthropic's Claude 3-5 Haiku Anthropic [2024]; OpenAl's GPT-4o0,
03-mini, GPT-40-mini, and o1-mini OpenAl [2024]; and Meta's LLaMA-3.3 and LLaMA-3.1 Meta
[2024]. All queries use temperature = 0.25 and pop- 1, where applicable. We extract 384-
dimensional contextual embeddings walh-MiniLM-L6-v2  Wang et al. [2020] and approximate
the con dence bound, (L;!) via the Beta-CDF, as in §4.1.

Results. Table 2 (Right) reports the accuracy and cost (in dollars per million input tokens) of each
LLM and the two baselines. The baseline underperforms the best individual model (95.68% vs.
95.61%) despite incurring a signi cantly higher cost. This is partly due to the relative ease of the
IMDB Movie Reviews dataset, where individual LLMs already achieve high accuracy, limiting the
marginal bene t of ensembling. As noted by Li et al. [2024b], ensemble gains are most pronounced

on harder tasks. Additionally, Trad and Chehab [2024] highlight that large performance gaps among
models can reduce ensemble effectiveness, making smaller, selective subsets preferable in such cases.

Table 4 presents CaMVo's accuracy—cost trade-off across various threshaid&,i, 2 f1;3g.
CaM\Vo's hyperparameters are 0:7 , g =5,and | =1; and the Target Accuracy is computed



similarly as  95:62% . Across all con gurations, CaMVo meets or exceeds its target accuracy.
Further, CaMVo achieves less than half the cost (whe®:997 andkq, = 1) at a slightly lower
accuracy oB5:45%compared to the baseline, con rming its practicality for large-scale sentiment
annotation without any pre-training or ground-truth labels.

Target Acc. (%) Cost Acc. (%) Cost
CaMVO ACC (%) kmin = 1 kmin = 1 kmin = 3 kmin = 3

0.999 95.52 95.59 6.15 95.59 6.15
0.998 95.43 95.43 4.03 95.43 4.03
0.997 95.33 95.45 2.83 95.45 2.83
0.995 95.14 95.25 2.06 95.25 2.06
0.99 94.66 95.10 1.09 95.12 0.99
0.985 94.20 94.69 0.34 95.06 0.84
0.98 93.71 94.69 0.31 95.07 0.83
0.97 92.75 94.56 0.22 95.07 0.82
0.96 91.80 94.21 0.13 95.06 0.81
0.95 90.84 94.28 0.14 95.07 0.81
0.9 86.06 94.24 0.10 95.06 0.81

Table 4: Accuracy and cost of CaMVo on the IMDB dataset under varying con dence thresholds
and knin 2 f1; 3g. For reference, the cost of the baseline method is $6.29 per million tokens.

Figure 2: (Left) Cost—accuracy trade-off for IMDB dataset: gray dots show every LLM subset via

weighted majority voting, yellow dots trace their Pareto-optimal frontier, blue markers are CaMVo at

kKmin =1, green markers &mnin = 3, cyan markers denote the individual single LLMs, and the red

marker denotes the Baseline Method. (Right) Empirical average accuracy and cost of CaMVo with
=0:995, Kmin = 1 over rounds.

Figure 2 (Left) presents the analogous comparison of Figure 1 (Left) on the IMDB sentiment task.
As before, gray points and the yellow Pareto-frontier points show all possible subset combinations,
while blue and green markers plot CaMVokat, = 1 and3, respectively. The red marker denotes

the Baseline Method. CaMVo closely matches the Pareto front in the low-cost regime (tpst

but lags behind in higher-cost regions. This exposes a key limitation: when majority voting with
additional LLMs is ineffective, CaMVo's reliance on the independence assumption, which suggests
that aggregating more LLMs improves accuracy; can lead to suboptimal performance.

Figure 2 (Right) plots CaMVo's cumulative average accuracy (blue) and cost (red) on IMDB with

= 0:995 andkmin = 1; the green line marks the target accuracy. As before, early rounds
involve querying larger, costlier ensembles to robustly explore each model's performance. Once
the lower-con dence bounds stabilize, CaMVo swiftly transitions to minimal-cost subsets that still
meet the accuracy requirement. This demonstrates CaMVo's rapid convergence to cost-effective
model combinations without compromising annotation quality. Additional results for other parameter
settings appear in Appendix E.



4.3 Additional Experiments

We present additional experimental results on the AG News Classi cation Dataset in Appendix F.
Appendix G introduces CCaMVo (Correlated CaMVo), a practical extension of CaMVo that estimates
subset con dence by modeling correlations among LLMs, thereby relaxing the independence assump-
tion. We provide the corresponding algorithm, experiments, and a comparison with CaMVo, showing
that accounting for correlations yields only marginal improvements in accuracy. Finally, Appendix H
reports a sensitivity analysis evaluating how CaMVo's performance degrades under varying levels of
correlation among LLM predictions.

5 Limitations

Our work relies on the assumption that the outputs of LLMs are independent of each other. Under this
assumption, aggregating any subset of models with individual accuracy a0&bstrictly improves
majority-vote performance. In practice; i.e., on the IMDB sentiment task (84.2), LLM outputs can
be highly correlated, and majority voting may underperform the best single model. Consequently,
CaM\Vo inherits these failures and can yield lower ensemble accuracy when independence is violated.
Nevertheless, even in such regimes CaM\Vo still achieves the user-speci ed accuracy threshold while
reducing cost relative to the full-ensemble baseline. This is mostly due to the fact that our results are
relative to the full-ensemble baseline which also suffers from the same issue.

Appendix G introduces CCaMVo (Correlated CaMVo), a practical extension that estimates subset con-
dence thorugh estimating the correlation matrix among LLMs; this approach yields only marginal
gains in accuracy. More broadly, extending CaMVo to account for inter-model correlations in a prin-
cipled manner—e.g., via joint con dence estimation or diversity-aware subset selection—represents
a promising and challenging direction for future work.

6 Conclusions

We have introduced Cost-aware Majority Voting (CaMVo), the rst fully online framework for
LLM-based dataset labeling that jointly adapts both vote weights and the subset of models queried on
a per-instance basis. By combining a LinUCB-style contextual bandit with a Bayesian Beta-mixture
con dence estimator, CaMVo estimates a lower bound on each LLM's correctness probability for the
given input and selects the minimal-cost ensemble that meets a user-speci ed accuracy threshold.

Empirical results on the MMLU and IMDB benchmarks demonstrate that CaMVo matches or
exceeds full-ensemble majority-vote accuracy while reducing labeling cost. On MMLU, CaMVo
even surpasses the true Pareto frontier of all possible weighted subsets—despite having no prior
knowledge of individual model performance. These ndings establish CaMVo as a practical solution
for cost-ef cient, automated annotation in dynamic labeling environments without any ground-truth
labels or of ine training.

Our analysis assumes independence among LLM outputs, which can be violated in practice and may
degrade ensemble gains. Nonetheless, CaMVo still enforces the user's accuracy target and delivers
signi cant cost savings even under these conditions.

Our method can be naturally extended beyond classi cation tasks in several ways. For regression,
LLM outputs can be aggregated via a weighted average or median, with weights updated based on
how closely each LLM's output aligns with the aggregate. For ranking tasks, each LLM can assign
scores to items, and a weighted combination of these scores would produce a nal ranking; weights
can then be adjusted according to agreement of the LLM's ranking generated from its scores with
the aggregated ranking. These extensions involve only minor modi cations to the aggregation and
weight update steps, making them straightforward to integrate into our existing framework. Future
work will explore diversity-aware selection and joint con dence models to mitigate correlated errors.
We will also extend CaMVo to support iterative relabeling, allowing previously annotated instances
to be revisited and re ned as additional contextual information becomes available.
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NeurlPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately re ect the
paper's contributions and scope?

Answer: [Yes]

Justi cation: The main scope of the paper is reducing costs while maintaining a user de ned
threshold on accuracy compared to majority voting with all LLMs, which is described in
the Abstract and Introduction. In the abstract, we only claim performance gains compared
to the full majority voting baseline on two datasets, which are MMLU and IMDB. These
claims are backed by experimental results in 84. While we assume the responses of LLMs to
be independent of each other in the design of our algorithm, we do not have this assumption
in the experiments, and hence our claims do not depend on this assumption.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

» The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

» The claims made should match theoretical and experimental results, and re ect how
much the results can be expected to generalize to other settings.

* Itis ne to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justi cation: We discuss the limitations of our work in the Limitations Section (85).
Guidelines:

« The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate 'Limitations’ section in their paper.

» The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-speci cation, asymptotic approximations only holding locally). The authors
should re ect on how these assumptions might be violated in practice and what the
implications would be.

» The authors should re ect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

» The authors should re ect on the factors that in uence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

» The authors should discuss the computational ef ciency of the proposed algorithms
and how they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

« While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren't acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be speci cally instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justi cation: We only have one minor theoretical result, which is Lemma 2.1. We have
provided the independence assumption on the outputs of LLMs in the statement of the
lemma, and we also provide the proof of the lemma in Appendix A. Note that this is a minor
result to be used in the design of the algorithm.

Guidelines:

« The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

» The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justi cation: We have provided the pseudo-code of our algorithm, and the parameters used
are listed in the Experiments section (84). Additional details on the experimental setup, such
as the prompt template for querying the LLMs, are available in Appendices D and E. The

datasets used in the experiments are publicly available.

Guidelines:

» The answer NA means that the paper does not include experiments.

« If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of

whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken

to make their results reproducible or veri able.

Depending on the contribution, reproducibility can be accomplished in various ways.

For example, if the contribution is a novel architecture, describing the architecture fully

might suf ce, or if the contribution is a speci ¢ model and empirical evaluation, it may

be necessary to either make it possible for others to replicate the model with the same

dataset, or provide access to the model. In general. releasing code and data is often

one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.qg., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurlPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with suf cient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justi cation: While we do not directly provide data or code, our experimental results can
easily be reproduced. We have provided the pseudo-code of our algorithm in Algorithm 1,
and we have provided details on the experimental setting in our Experiments Section (8 4),
Appendices D and E. The datasets we used and the LLMs we queried are publicly available.
Based on these, we believe our results can easily be reproduced.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

» Please see the NeurlPS code and data submission guiddiites/(nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

» While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurlPS code and data submission guidetpes (
/Inips.cc/public/guides/CodeSubmissionPolicy) for more details.

» The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

» The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

» Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justi cation: We use online learning in our paper, and do not train any models beforehand.
We have provided the hyperparameters used in each experiment in its relevant section.
Datasets used in experiments are publicly available. We provide most of the important
details regarding the experiments in our Experiments Section (§ 4); and we also provide
additional details in Appendices D and E.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

« The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical signi cance
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Question: Does the paper report error bars suitably and correctly de ned or other appropriate
information about the statistical signi cance of the experiments?

Answer: [Yes]

Justi cation: Our experiments involve labeling a dataset with a given method, and for each
method we record the average accuracy relative to ground truth labels, and the cost for the
entire dataset. Since we have only one result per method, we do not report error bars.

Guidelines:

» The answer NA means that the paper does not include experiments.

« The authors should answer 'Yes' if the results are accompanied by error bars, con dence
intervals, or statistical signi cance tests, at least for the experiments that support the
main claims of the paper.

 The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

» The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

» The assumptions made should be given (e.g., Normally distributed errors).

« |t should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis
of Normality of errors is not veri ed.

» For asymmetric distributions, the authors should be careful not to show in tables or
gures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding gures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide suf cient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justi cation: LLMs were queried using online LLM providers. The experiments (apart from
querying LLMs) do not consume much computer resources, and were performed with a
personal computer.

Guidelines:

» The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

» The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

» The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn't make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurlPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justi cation: We have reviewed the NeurlPS Code of Ethics, and we con rm that our paper
conforms to the NeurlPS Code of Ethics.

Guidelines:
* The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.
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« If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

» The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justi cation: This paper considers optimizing the cost of LLM-based dataset labeling. Since
we only introduce the optimization methods, and use only publicly available LLMs and
datasets, we do not expect any societal impact of this paper.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake pro les, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact speci ¢
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

» The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the ef ciency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.qg., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justi cation: No data or model is released with this paper, and the datasets used in our
experiments are publicly available.

Guidelines:

» The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety lters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

» We recognize that providing effective safeguards is challenging, and many papers do

not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
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13.

14.

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justi cation: We provide the appropriate citations for the LLMs and the public datasets that
we used in the paper in the Experiments Section (84).

Guidelines:

» The answer NA means that the paper does not use existing assets.
» The authors should cite the original paper that produced the code package or dataset.

» The authors should state which version of the asset is used and, if possible, include a
URL.

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datapetgerswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

« For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset's creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justi cation: This paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

» The paper should discuss whether and how consent was obtained from people whose
asset is used.

» At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip le.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justi cation: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is ne, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

 According to the NeurlPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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15.

16.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)

approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justi cation: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

» The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

» Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

» We recognize that the procedures for this may vary signi cantly between institutions

and locations, and we expect authors to adhere to the NeurlPS Code of Ethics and the

guidelines for their institution.

For initial submissions, do not include any information that would break anonymity (if

applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scienti ¢ rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justi cation: Usage of LLMs is a core component of our paper as our paper studies cost
optimization of LLM-based dataset labeling. In our Experiments Section (8§ 4); and in
Appendices D and E, we provide in detail how LLMs are queried to generate labels for the
datasets.

Guidelines:

« The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

 Please refer to our LLM policyhttps://neurips.cc/Conferences/2025/LLM )
for what should or should not be described.
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A Proof of Lemma 2.1

In order to nd a lower bound on the probability of correct labeling, we consider the worst-case
where each LLM's probability of correct labeling is exactly equal its lower bound. Hence, assume
that each LLMI; 2 A produces a correct label with probability, independently of other models.

De ne the random variabl&; Bernoulli(L ;) to represent whether modglcorrectly labels the
data instance, wheig[Z;] L ;. The total Wengt of LLMs that output the correct label is given by:

Wea = b Zi; (5)

i2A

and the total weight of all LLMs in A is: X
W, = i (6)

i2A

Majority voting yields the correct label if the cumulative weight of correctly labeling LLMs exceeds
half of the total weight, i.e. when
W
Wen >~ Y]

Hence, A (L;!) can be expressed as
w
AlLLD=P  Wca > 7“ : ®)

To compute this probability, we consider all possible label correctness outcomes for thefsubset
S A denote the subset of LLMs that produce correct labels, whiteS corresponds to those that
produce incorrect labels. The probability (\f(this jo'@t outcome under the independence assumption is

Ps(L;!) = Li aLj: ©)
i2S  j2AnS

Summing over all subses A for which the total weight of correctly labeling models exceeds
half the total weight gives the desired re>%ult: v v

AL = Li @@L (10)
SA i2S j2AnS

B Estimating the Shape Parameters of the Beta Distribution

In this section, we present two methods for estimating the shape parameters of the Beta distributions
used in CaMVo. The rst is a maximum-likelihood estimation (MLE) approach that yields a closed-
form system of equations, while the second is an ef cient approximation based on the method of
moments. Due to its computational practicality, the second method is used in our experiments.

Maximume-likelihood Estimation. i1 and ;4 for the Beta distributiomBeta; ( i.1; i.1) corre-
sponding to LLM | can be estimated by maximizing the log-likelihood:

Xt Xt
i ) =0 i 1) Ingi(es;s)+( i 1) In(1 g i(es;s)) tinB( 415 1)

s=1 s=1
(11)
Taking derivatives with respect tg.; and ;1 and setting them to zero yields the MLE system:
@ X . _
= Ingi(es;s) t(( i) ( i+ i2)=0 (12)
@ i:1 s=1
@ X _ _
= N1 qi(es;s)) t(( 1) ( 2+ §12)=0 (13)
@i;l s=1
where () is the digamma function(x) = % In (x) . Solving this system yields the MLE

estimates for the parameters of each LLM. However, these equations are nonlinear and hence solving
them can be computationally expensive. To address this, we employ an alternative estimation
procedure based on the method of moments.
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Method-of-moments. This approach provides a computationally ef cient and suf ciently accurate
alternative for parameter estimation and is used in our experimental pipeline in § 4. For eadh,LLM
we compute sample statistics separately for rounds in whibutput matched the predicted label,
and the rounds in which it did not match. L8 =fs:h s =1;s tg be the setof roundsuntil

t where h.s = 1. The empirical mean and variance for each case can be computed as:

1 X 5 1 X 5
di1 = o— G:s (€s); Vit = o (Gis(es) d 1) (14)
i) g5, it g5,
1 X ) 1 X 5
io = 7—< Gis (€s); Vio = s (s (es) 9 i) (15)
t S it} S2[nS i t S ] S2[NS i
Using the empirical means and variances, we de ne:
0= dia (1 g i1) 1: o= dio(1 9 io) 1 (16)

2 2
Vi;l Vi;O

We estimate the Beta distribution parameters using the following proposition.
Proposition B.1. Letq Beta(; ) be a Beta-distributed random variable with unknown parame-

Then, the method-of-moments estimates are:

m(1 m)

\— . A_ . —
=m =(1 m) ; where = 2

1: (17)

Proof. The Beta distribution has mean and variance:

Elg] = ——; Var[q] = (+) 2(+ +1)

Substitutingm =g to E[q], ands? to Var[q]; and solving for and yields the expressions fay
and "as stated. O

Using Proposition B.1, the parameters can be updated as

A ® [N T (18)
i1 =149 1) 1 (19)
0 =00 o (20)
0o =04d i) o (21)

To ensure numerical stability, we clip small variance values below a threshkold to prevent
division by near-zero values.

C The Baseline Algorithm

The pseudocode of the Baseline Algorithm is provided below in Algorithm 2.

Algorithm 2 Baseline Algorithm (Online Weighted Majority)
1: Input: The set of LLMs [K], dataset to label D

3: Query all LLMs: y 5 li(x¢)

4 9t arg max m2[M] :il !def;i(t) 1fy it =mg
5: Generate rewards for LLMs;. :Pltfy it =¥g
6:  Update LLM weights: L (t) = %
7: end for
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D Supplementary Details for Experiments on the MMLU Dataset

This section provides additional details regarding our experimental setup for the MMLU dataset.

First, to improve computational ef ciency, we approximate the con dence scofk;!) using the
cumulative distribution function (CDF) of the Beta distribution rather than the closed-form expression
in Lemma 2.1:
AlLL) 1 F  pgeta(0:5 Wia ; Wa W I;;

}yhereFBeta(x; ;) isthe CDF of aBeta(; ) distribution,W .o = 5 !i Li, andWu =

ion li-
The Beta distribution parameters are updated online using the method-of-moments estimator de ned
in Eq. (21), with a regularization term =19 .

We query LLMs using a consistent format tailored to the multiple-choice structure of MMLU. The
standard prompt template is shown below:

Query Format for MMLU Dataset

System: Select the correct answer. Answer with A, B, C, or D only.
User: Question: <question>

A. <choice-A>

B. <choice-B>

C. <choice-C>

D. <choice-D>

Answer:

If the LLM API does not support a system instruction prompt, the instruction is prepended directly to
the user message. An example query, using an actual MMLU question, is shown below:

Example Query for MMLU Dataset

System: Select the correct answer. Answer with A, B, C, or D ogly. ,

User: Question: Find the degree for the given eld extension Q(' 3; 18) over Q.
A.0

B.4

C.2

D.6

Answer:

We apply a single random permutation to the dataset and maintain this identical ordering across all
methods to ensure a fair and consistent comparison (except in experiments in Appendix D.1 where
we analyze the sensitivity of CaMVo to dataset ordering).

D.1 Additional Experimental Results

To facilitate a more detailed analysis of the results in Table 3, for each label category in Table 5
we report precision, recall, and F1 score as additional performance metrics. For comparison, the
corresponding results for majority voting are presented in Table 6. These metrics allow to evaluate
category-wise performance. The results indicate that cate@slightly more challenging to

label, as re ected by its consistently lower scores across all metrics. Furthermore, as the con dence
threshold decreases, all three metrics degrade across label categories, with a more pronounced
decline observed for category 0, likely due to its possibly higher intrinsic dif culty.

Figure 3 illustrates CaMVo's cumulative average accuracy (blue) and cost (red) over rounds for
kmin = 1 under different con dence thresholdgo explore CaMVo's learning dynamics for various
values. The green line marks eachpeci c target accuracy. In all cases, the algorithm begins by
querying larger, more expensive ensembles to gather reliable performance estimates, then swiftly
transitions to cheaper subsets once the lower-con dence bounds stabilize. This yields a steep decline
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Figure 3: Cumulative average accuracy (blue) and cost (red) of Cak\o € 1) on the MMLU
dataset across rounds for various con dence threshol@$e green line marks eachspeci c target
accuracy.

in cost concurrent with accuracy settling at a value above the target line. A temporary dip in accuracy
around round 1,000 appears consistently, re ecting a cluster of harder instances in our xed data
shuf e.

For high thresholds (= 0:99 ), CaMVo predominantly queries the full ensemble, producing an

almost linear cost pro le. At intermediate levels{ 0:98; 0:975), cost initially falls but momentarily

rises when accuracy dips below the target, prompting the algorithm to select slightly costlier subsets

to regain the required con dence as the accuracy estimations of individual LLMs decrease. When
< 0:965, the cost curve decreases monotonically and converges to a stable minimum, indicating

rapid identi cation of the context-speci ¢ optimal subsets.

Finally, for low thresholds (= 0:85; 0:80), observed accuracy signi cantly exceeds the target owing

to the performance gaps among individual LLMs: no model has true accuracy between 70% and 80%,
hence CaMVo's conservative lower-bound estimates result in consistently higher realized accuracy.
Overall, these results underscore CaMVo's capacity to balance exploration and exploitation, quickly
pinpoint cost-effective ensembles, and reliably meet user-speci ed accuracy requirements.

To evaluate CaMVo's robustness to input ordering, Figure 4 shows the mean cumulative average
accuracy and cost trajectories (solid lines) fer0:96 , knin = 1, averaged over 20 random shuf es

of the MMLU dataset. Shaded bands denote one standard deviation. Although the accuracy band is
initially wide due to the exploration of CaMVo, and also different mixes of easy and hard examples
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