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Abstract

This paper presents a simple, effective, and cost-efficient
strategy, named ModelSwitch, to improve LLM performance
by scaling test-time compute. ModelSwitch builds upon
the repeated-sampling-then-voting framework, with a novel
twist: incorporating multiple models, even weaker ones, to
leverage their complementary strengths that potentially arise
from diverse training data and paradigms. By using con-
sistency as a signal, our strategy dynamically switches be-
tween models. Theoretical analysis highlights the efficiency
and performance advantages of our strategy. Extensive ex-
periments demonstrate that our strategy not only outperforms
self-consistency and state-of-the-art multi-agent debate ap-
proaches, but also significantly reduces inference costs. Addi-
tionally, our strategy requires only a few comparable LLMs to
achieve optimal performance and can be extended with ver-
ification methods, demonstrating the potential of leveraging
multiple LLMs in the generation-verification paradigm.

Code — https://github.com/JianhaoChen-nju/ModelSwitch

Introduction
Scaling has been a major driving force of recent rapid
advancements in large language models (LLMs). While
training-time compute (Rae et al. 2021) scaling is reach-
ing limits, inference-time compute scaling offers a promis-
ing alternative (Snell et al. 2024). An emerging direction is
to scale inference-time compute based on the generation-
verification paradigm. Here, an LLM is queried multiple
times to produce various candidate answers, which are then
verified to yield a final response. Studies across various
LLMs and benchmarks consistently demonstrate that simply
scaling the number of generated samples significantly im-
proves the coverage of correct answers (Brown et al. 2024).
This has led to recent efforts pushing sample counts into the
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hundreds or thousands (Brown et al. 2024; Chen et al. 2024a;
Liu et al. 2025) to improve answer correctness.

However, do we truly need so many samples? Scaling
repeated sampling is computationally expensive, with the
consumption of floating point operations increasing linearly
with the number of samplings (Kaplan et al. 2020). Addi-
tionally, it causes significant delays, which impacts user ex-
perience (Shneiderman and Plaisant 2010). Therefore, im-
proving sample efficiency is of paramount importance, and
there is a pressing need for methods that can deliver cor-
rect final answers while minimizing the number of sam-
ples required. Recent approaches have primarily focused on
the verification side—a great number of outcome or pro-
cess reward models (Cobbe et al. 2021; Yang et al. 2024;
Zhang et al. 2024b) and automatic verifiers (Li et al. 2022;
Schick et al. 2023) have been proposed, whereas LLM-as-a-
judge (Zheng et al. 2023; Lifshitz, McIlraith, and Du 2025)
has also been extensively explored.

Orthogonal to recent efforts, we focus on the generation
side. We believe different LLMs, trained on varied data and
with distinct approaches, possess complementary strengths.
Even on the same tasks, two general-purpose LLMs might
excel at different types of questions (Zhang et al. 2025a;
Wang et al. 2024a). We test our argument by building
upon the simple repeated-sampling-then-voting strategy, fol-
lowing the Occam’s Razor principle, and present a novel
method named ModelSwitch. This method introduces two
novel twists: (i) incorporating multiple models, even weaker
ones, to produce more diverse samples, and (ii) using con-
sistency as a signal to switch models and save compute. The
rationale is based on our empirical observation: across vari-
ous types of LLMs and datasets, their accuracy is positively
correlated with the consistency of their generated answers.
When a model generates chaotic answers, it serves as a sig-
nal to switch models. If the switched model generates con-
sistent answers, there is a higher likelihood of obtaining the
correct answer.

We evaluate ModelSwitch on diverse datasets covering
knowledge, reasoning, and domain-specific challenges. Us-
ing Gemini 1.5 Flash and GPT-4o mini, ModelSwitch sig-
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Figure 1: (a) An overview of how ModelSwitch works between two LLMs. (b) Performance comparison of ModelSwitch
(MS) and self-consistency (SC) (Wang et al. 2023) on MathBench (Liu et al. 2024). MS switches between Gemma-2-9B-It
and Llama-3.1-8B-Instruct. The curves show SC performance for individual LLMs, while horizontal lines represent single-
sample baselines of larger LLM Llama-3.1-70B-Instruct. MS achieves 75% accuracy (with 48 samples), outperforming SC
using Gemma-2-9B-It (73.7%, 512 samples) at 10× efficiency. Additionally, combining 9B and 8B models achieves (69%)
accuracy comparable to a 70B model (68.7%) with only 7 samples.

nificantly outperforms the self-consistency (Wang et al.
2023) performance of each respective LLM and even
surpasses advanced LLMs like GPT-4o and Gemini 1.5
Pro—achievements unattainable by self-consistency. Addi-
tionally, ModelSwitch demonstrates superior sample effi-
ciency, reducing average sampling per query by 34% across
all datasets, saving computational costs while maintain-
ing high performance. Furthermore, ModelSwitch achieves
state-of-the-art results on four datasets, outperforms five
multi-agent or multi-LLM methods, and ranks second on the
other two datasets. Notably, ModelSwitch achieves 63.2%
accuracy on MMLU-Pro (Wang et al. 2024c), surpassing
the best single LLM by 10.2 points and outperforming
other methods, including MAD (Du et al. 2024) (47.6%),
AgentVerse (Chen et al. 2024b) (44.8%), ChatEval (Chan
et al. 2024) (44%), ReConcile (Chen, Saha, and Bansal
2024) (49.6%), MAD (multi-LLM version) (44%), and
MOA (Wang et al. 2024a) (52.6%). Additional experiments
show ModelSwitch can integrate with verification methods
like reward models for further performance gains.

We formally analyze ModelSwitch’s improvements over
self-consistency. Our findings provide sufficient and neces-
sary conditions for ModelSwitch (using two models) to out-
perform single-model self-consistency. We also establish a
theoretical bound on its efficiency gains, showing that if the
probability of each model generating consistent answers ex-
ceeds a constant c > 0 and models are sampled equally,
the expected sampling count decreases by a factor of 1

n×c ,
where n is the number of models.

In summary, our key contributions are outlined as follows:

1. An empirical analysis that reveals a universal correlation
between consistency and accuracy of generated answers
across various popular LLMs and datasets.

2. A simple, effective, and cost-efficient generation-
verification method that effectively leverages the com-
plementary strength of multiple LLMs.

3. Extensive experiments demonstrating that ModelSwitch
outperforms single-LLM sampling-then-voting in effi-
cacy and efficiency, and more effectively leverages multi-
LLM synergies compared to debate-based approaches.

4. A theoretical analysis providing a deeper understanding
of why multiple-LLM generation surpasses single-LLM
generation.

A Universal Correlation Between Consistency
and Accuracy

In this section, we conduct an empirical analysis of the re-
lationship between consistency (in terms of the entropy of
the generated answers) and accuracy of multiple popular
LLMs. Self-consistency (Wang et al. 2023) has observed
that the consistency (here measured as the percentage of de-
codes agreeing with the final aggregated answer) is highly
correlated with accuracy on the GSM8K dataset. However,
this observation was limited to a single dataset and a single
model. To verify the generality of this finding, we extend
our analysis to multiple datasets and several mainstream
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Figure 2: Correlation between consistency (entropy) and accuracy of answers from six LLMs on MATH and MathBench. We
use the transparency and size of the scatter points to indicate the number of queries corresponding to each point (the larger
and more opaque the point, the greater the quantity). We report the correlation coefficient r and the significance indicator p. In
each subplot, entropy and accuracy exhibit a moderate (0.5 < |r| ≤ 0.8) or high (|r| > 0.8) correlation, and this correlation is
statistically significant (p < 0.001).

LLMs. Specifically, we use entropy to quantify the consis-
tency among different generated answers. Compared to the
percentage of decodes agreeing with the final aggregated an-
swer, entropy provides a more comprehensive representation
as it provides a more accurate characterization of the gener-
ated answer distribution.

As shown in Figure 2, we fix each LLM to sample 16
times per query, and calculate the entropy and the accu-
racy of the 16 answers. Consistency (entropy) and accuracy
exhibit a strong correlation (r), and this trend is universal
across all six LLMs, irrespective of their different sizes and
performances. There are three extreme cases that can be
discussed separately: those distributed in the top-left (high
consistency, high accuracy), bottom-left (high consistency,
low accuracy), and bottom-right (low consistency, low ac-
curacy). Distribution in the bottom-right indicates that the
model generated 16 entirely different answers, suggesting a
lack of confidence in the current query. In such cases, even if
a correct answer exists, it is difficult to be selected without
oracle verifiers. Distribution in the top-left and bottom-left
means the model generated only one type of answer, indi-
cating high confidence. However, the difference is that the
former is confidently correct, while the latter is confidently
wrong. The points in the top-left greatly outnumber those in
the bottom-left, which means that consistent implies correct,
while chaotic implies wrong.

ModelSwitch: Harnessing Consistency in
Multi-LLM Generation

ModelSwitch is a simple yet effective framework for multi-
LLM repeated sampling that simultaneously achieves high
performance and efficiency. Our core idea leverages the

strong correlation between consistency and accuracy dur-
ing repeated sampling: When a model’s answers are consis-
tent, we can confidently reduce sampling, relying on the cur-
rent answer. When a model generates inconsistent answers,
it signals the model ”does not know.” Instead of continuing
with the same model, ModelSwitch switches to another, em-
bracing the possibility that ”the next model you encounter
might know what the previous one did not.” This approach
harnesses complementary strengths across models, optimiz-
ing both efficiency and accuracy. Our ModelSwitch design
is detailed in Algorithm 1.

ModelSwitch replaces a single LLM with multiple LLMs

Algorithm 1: ModelSwitch Algorithm

Input: Model set {M1,M2, . . . ,Mn}, sampling budget =
K
Output: Answer
Initialize All M.answers = {}
for i = 1 to n do

Initialize Mi.answers = {}
for j = 1 to K

n do
sample = Mi.sampling()
answer = Extract Answer(sample)
Add answer to Mi.answers

end for
if i ≤ n− 1 and size(set(Mi.answers)) == 1 then

Answer = Mi.answers(0) and Exit
end if
Add Mi.answers to All M.answers

end for
Answer = voting algorithm(all results)
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during the sampling stage. First, the selection of LLMs plays
a crucial role in the effectiveness of this approach. We pri-
oritize diverse models over different versions of the same
one. This is because similar versions often share overlapping
knowledge, which limits diversity and reduces the potential
for complementary insights. The next step in this approach
is determining how to allocate the sampling budget across
the models. In our method, we simply set the sampling bud-
get for each LLM to be equal. Specifically, given a fixed
total sampling budget, instead of a single model sampling
K times, we distribute the budget evenly across n models,
allowing each to sample K

n times without increasing the to-
tal sampling budget. Empirically, when performing Model-
Switch, it is best to arrange the models from strongest to
weakest overall. If a model earlier in the order can answer
the current query, the remaining LLM calls are saved, which
improves computational efficiency.

Weighted Voting Algorithm To account for perfor-
mance differences among models, we use a weighted voting
algorithm with internal (Wα) and external (Wβ) weights to
aggregate answers A from all models M .

MS(q) = argmax
a∈A

M∑
i=1

Wα × Wβ × count(a,Ai) (1)

Internal Weights: Measure a model’s confidence based on
answer consistency. Calculated via entropy and normalized
to [bias, 1], where bias = 1

len(samples) . Higher consistency
yields a higher weight. Example: For answer sets M1 =
{A × 3,B × 2}, M2 = {B × 3,A × 2}, M3 = {C × 5},
M3’s uniformity gives C a higher score.

Wα = bias + (1− bias)
(
1− Entropy

norm

)
, if norm > 0 else 1

(2)

External Weights: Assess prior performance, ensuring mod-
els with significantly different performances have corre-
sponding importance.

Special Case Two-LLM switch is a very special case,
as shown in Figure 1a, not only because it is easy to set up
but also because it has good properties under specific con-
ditions. When the sampling counts for the two models are
equal (denoted as K

2 ), the effect of ModelSwitch under the
sampling budget K is exactly equivalent to each model sam-
pling K

2 completely and then mixing. This means that we
achieve completely lossless performance while greatly en-
hancing efficiency.

This property is straightforward to prove: consider two
models, M1 and M2, each generating K

2 samples. Let A1

be the most frequent answer from M1, with frequency
f(A1). The performance remains lossless because: (1) If
f(A1) <

K
2 , the samples of both models are considered. (2)

If f(A1) =
K
2 , A1 is selected, and M2’s samples are pruned

without affecting the final answer, assuming a tie-breaking
rule that favors M1’s answer.

Experiments: On the Efficacy, Efficiency and
Scalability

Our experiments aim to answer the following four questions:
(i) Does ModelSwitch outperform single-LLM repeated-
sampling-then-voting in terms of efficacy and efficiency? (ii)
Can ModelSwitch surpass other multi-agent (LLM) debate
methods? (iii) Can ModelSwitch be extended with stronger
verification methods?

Experimental Setup
Benchmarks We mainly evaluate our method on the fol-
lowing datasets that cover a wide range of knowledge, rea-
soning, and domain-specific challenges, providing a robust
evaluation for our method: GSM8K (Cobbe et al. 2021),
MATH (Lightman et al. 2023), MathBench (Liu et al. 2024),
MGSM (Shi et al. 2023), DATE (Wei et al. 2022), MMLU-
Pro (Wang et al. 2024c).

Models We primarily consider three lightweight, closed-
source LLMs: GPT-4o mini, Gemini 1.5 Flash, and
Claude 3 Haiku. Firstly, we compare ModelSwitch to self-
consistency, using GPT-4o mini and Gemini 1.5 Flash, with
GPT-4o and Gemini 1.5 Pro as additional baselines. Then,
we use all three lightweight LLMs to evaluate ModelSwitch
against other multi-agent debate methods. Finally, we ex-
plore enhancing ModelSwitch with stronger validation using
Qwen2.5-MATH-RM-72B.

ModelSwitch Outperforms Self-Consistency in
Efficacy, Efficiency and Scalability
In this section, we compare ModelSwitch with self-
consistency, which is the classic approach for single-
LLM sampling-then-voting. To ensure fair comparison,
we evaluate self-consistency for each LLM (GPT-4o mini
and Gemini 1.5 Flash) and ModelSwitch using both, un-
der the same sampling budget. We also compared two
self-consistency variants, Adaptive-Consistency (Aggarwal,
Yang, and Mausam 2023) and Early-Stop-Consistency (Li
et al. 2024d), which focus on reducing its overhead. Addi-
tionally, we considered CISC (Taubenfeld et al. 2025), but
it’s unsuitable for closed-source models due to its reliance on
internal model logits. All our queries are asked in COT (Wei
et al. 2022) format. The results are shown in Figure 3.

Efficacy Across all the benchmarks considered, Model-
Switch with two LLMs outperforms best-performing single
LLM self-consistency. For instance, as the sampling bud-
get increases from 1 to 16, ModelSwitch delivers a 7-point
performance boost on MathBench (increasing from 72.7%
to 79.7%), significantly outperforming the self-consistency
gains of Gemini 1.5 Flash at 2.6-point (72.7% to 75.3%)
and GPT-4o mini at 1-point (71.7% to 72.7%). On MMLU-
Pro, even when switching between models with a perfor-
mance gap exceeding 10%, we can still achieve an improve-
ment over self-consistency of the best-performing single
LLM. Compared to Adaptive-Consistency and Early-Stop-
Consistency, ModelSwitch also boasts a clear accuracy ad-
vantage overall.

Efficiency While ModelSwitch outperforms self-
consistency, it also requires fewer samples. Taking the sam-
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pling budget of 16 as an example, ModelSwitch reduces the
average actual sampling count per query to 9.2, 10.7, 10.5,
9.4, 10.6, and 13.4 across the six datasets. (Note that since
we calculate the average sampling counts per query across
the entire dataset, the actual sampling counts for Model-
Switch may not necessarily be integers.) Overall, Model-
Switch saves 34% samples on average, and saves up to
43% on GSM8K and 41% on MGSM, respectively. More-
over, ModelSwitch is equally competitive with Adaptive-
Consistency and Early-Stop-Consistency in terms of effi-
ciency.

Scalability ModelSwitch, leveraging GPT-4o mini
and Gemini 1.5 Flash, demonstrates superior scalabil-
ity over self-consistency, Adaptive-Consistency and Early-
Stop-Consistency for each LLM. It even outperforms more
advanced models like GPT-4o and Gemini 1.5 Pro. For in-
stance, ModelSwitch surpasses both on GSM8K with an av-
erage of just 2.2 samples per query, and similarly on Math-
Bench with 5.1 samples—achievements they can’t match.

ModelSwitch Better Leverages Multi-Agent
Synergies than Debate Methods
In this section, we compare our approach to competitive
multi-agent debate methods: MAD (Du et al. 2024), a strong
baseline using inter-agent critique to enhance reasoning
and factuality; ChatEval (Chan et al. 2024), which extends
MAD to mimic human evaluation in complex tasks; Agent-
Verse (Chen et al. 2024b), emphasizing dynamic group com-
position and adaptive collaboration; ReConcile (Chen, Saha,
and Bansal 2024) and MOA (Wang et al. 2024a), featur-
ing hierarchical architectures for mutual evaluation among
agents, seen as implicit debate. We additionally construct
a new baseline, referred to as MAD (MLD), by extend-
ing MAD into a multi-LLM debate version. For MAD and
AgentVerse, we use GPT-4o mini, while ChatEval and MAD
(MLD) use GPT-4o mini and Gemini 1.5 Flash. ReConcile,
MOA and ModelSwitch utilize GPT-4o mini, Gemini 1.5

Flash, and Claude 3 Haiku. To ensure fairness, all systems
share a unified sampling budget of 15.

Efficacy As shown in Figure 4, our method achieves
state-of-the-art performance on four datasets, with a sig-
nificant lead on MMLU-Pro. For example, MAD (47.6%),
AgentVerse (44.8%), ChatEval (44%), ReConcile (49.6%),
MLD (44%) and MOA (52.6%) all perform worse than
the best single LLM (53%) sampling once on MMLU-Pro.
This performance gap highlights a key limitation of these
systems: while they rely on interactions between multiple
agents (LLMs), it is difficult to ensure that such interac-
tions consistently guide the answers in the correct direction.
Challenges like error propagation often arise during these
interactions (Zhang et al. 2025a; Wang et al. 2024b), which
are especially hard to mitigate on a complex dataset like
MMLU-Pro. In contrast, ModelSwitch achieves a remark-
able 63.2% accuracy, representing an impressive 10.2-point
increase over the best single LLM. This demonstrates its
ability to effectively address these issues and deliver supe-
rior performance. This also highlights the potential of ex-
ploring how to effectively promote collaboration among dif-
ferent LLMs as a promising research direction.

ModelSwitch Can be Combined with Stronger
Verification For Performance Boost
In this section, we integrate ModelSwitch with Qwen2.5-
MATH-RM-72B, a powerful mathematical reward model,
to score samples from GPT-4o mini and Gemini 1.5 Flash.
Using the Best of N (BoN) strategy, we select the highest-
scoring answer instead of relying on voting. Specifically, we
replace the voting algorithm in Algorithm 1 with BoN. Per-
formance curves comparing the best single LLM and Mod-
elSwitch under the RM-BoN strategy are shown in Figure 5.

ModelSwitch, when combined with stronger verification
method (RM-BoN), achieves a notable improvement in per-
formance (with 16 samplings, accuracy increases from 80%
to 84% on MATH and from 79% to 84% on MathBench).
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At the same time, it consistently outperforms the best sin-
gle LLM repeated sampling + RM-BoN (with 16 samplings,
ModelSwitch + RM-BoN achieves 84% accuracy on MATH
vs. 82% for the best single LLM + RM-BoN, and 84%
on MathBench vs. 81.33%). Interestingly, on MathBench,
vanilla ModelSwitch even surpasses the best single LLM +
RM-BoN given a small number of samplings. Specifically,
with a sampling count of 5, ModelSwitch achieves a 78.7%
accuracy, outperforming the best single LLM + RM-BoN
with 6 samplings (78%), demonstrating the efficiency ad-
vantages of our method.

Overall, ModelSwitch primarily emphasizes strategies in
the generation (sampling) phase, thus it can be further en-
hanced by stronger selection (verification) methods to im-
prove overall performance.

Understanding Why ModelSwitch
Outperforms Self-Consistency

In this section, we analyze when ModelSwitch can improve
performance for a given fixed query. To simplify the prob-
lem, we only analyze the case of two models M1 and M2.
We assume that the first option is the correct answer. Let
p1 = (x1, ..., y1, ...) and p2 = (x2, ..., y2, ...) denote the

output distributions of M1 and M2 for some fixed query,
where x1 and y1 are defined as follows (the definition of x2

and y2 are similar): If x1 is the largest one in the probability
vector p1, then y1 is the second largest; otherwise, y1 is the
largest.

Assuming equal sampling counts for two models, we fo-
cus on expected performance by comparing two probability
vectors to assess the difference between mixed models and
a single model. The probability of ModelSwitch providing
a correct answer is P = x1 + x2. If P is the highest in
the probability vector p1+p2, ModelSwitch can provide the
correct answer in expectation. We exclude cases where both
M1 and M2 give the same final answer, whether correct or
incorrect, as ModelSwitch doesn’t alter the outcome in these
scenarios. We present the following proposition.

Proposition 0.1. Let Q = y1−y2 and the number of options
is denoted as m. The necessary condition for ModelSwitch to
obtain the correct answer is P > 2

m . The sufficient condition
is

P +Q+ x1 > 1 and P −Q+ x2 > 1.

Proof. (1) Sufficiency: From the definition of x1 and y1 (x2

and y2), y1 and y2 is the largest or second largest in p1 and
p2. To ensure P is the largest one in the probability vector
p1+p2, P only needs to be greater than the sum correspond-
ing to y1 and y2. Thus we have, P > y1 + 1− x2 − y2 and
P > y2 + 1 − x1 − y1. (2) Necessity: If P ≤ 2

m , the av-
erage value of the remaining part of p1 + p2 after removing
x1 + x2 is greater than 2−2/m

m−1 = 2
m . There exists some

value in p1+p2 that is greater than 2
m . Hence, ModelSwitch

cannot get the correct answer when P ≤ 2
m .

The sufficient condition in 0.1 can be explained intu-
itively: P should be as large as possible, as it directly de-
termines whether ModelSwitch can provide the correct an-
swer. Meanwhile, |Q| should not be too large, as this would
cause at least one inequality in the sufficient condition to
fail. A large |Q| indicates that the probability of an incor-
rect answer from M1 or M2 dominates, making it harder
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to improve performance through mixing. This proposition
doesn’t require M1 or M2 to individually provide the correct
final answer, meaning x1 or x2 don’t need to be the largest
probabilities. Even if both models fail to give the correct fi-
nal answer, ModelSwitch can offset errors and still succeed,
explaining why repeated sampling with multiple LLMs can
outperform a single LLM.

Computational Efficiency Consider a set of n models,
denoted as {M1,M2, . . . ,Mn}. For a given query and a total
sampling budget K, each model is sampled sequentially K

n
times. Each model Mi has a probability Pi of producing a
completely consistent answer list, where Pn = 1 indicates
that if the first n − 1 models do not produce a consistent
answer, the n-th model must be sampled. In this scenario,
the expected actual number of samplings (E[Ncall]) can be
bounded as follows:

E[Ncall] =
K

n

n∑
i=1

(
i−1∏
j=1

(1− Pj)

)
Pi (3)

If the probability of each model producing a completely
consistent answer list is greater than some constant c > 0,
the expected number of samplings can be bounded by K

n×c ,
which reduces the number of samplings by a factor 1

n×c .

Related Work
Two lines of work are most relevant to ours: generation-
verification paradigm and multi-agent collaboration.
Generation-verification paradigm follows a two-stage
pattern: generating multiple candidate answers through
sampling (Brown et al. 2024; Yadkori et al. 2024), then
selecting the most suitable ones using verification mech-
anisms (Cobbe et al. 2021; Li et al. 2022). Multi-agent
collaboration (Talebirad and Nadiri 2023; Zhang et al.
2024a; Qian et al. 2024; Wan et al. 2025; Zhang et al.
2025b) enhances answer quality through collaborative
interactions among multiple reasoning agents powered by
single or multiple LLMs.

Generation-Verification Paradigm. The generation-
verification paradigm underlies most recent advances of
test-time compute. Self-consistency (Wang et al. 2023; Li
et al. 2024b; Brown et al. 2024) involves sampling vari-
ous reasoning paths and selecting the most consistent an-
swer, thereby enhancing chain-of-thought reasoning. It is ar-
guably the simplest generation-verification strategy, and has
been shown to be a highly effective test-time compute strat-
egy in LLMs. For instance, GPT-o1 and Deepseek-R1 have
shown notable improvements when using self-consistency
as a test-time compute strategy. Recent advances enhance
this paradigm through structured decomposition: Univer-
sal Self-Consistency (Chen et al. 2023) directly gener-
ates final answers from N-best candidates via LM prompt-
ing, Adaptive-Consistency (Aggarwal, Yang, and Mausam
2023) and Early-Stop-Consistency (Li et al. 2024d) reduce
overhead by designing early stopping mechanisms, while
CISC (Taubenfeld et al. 2025) improves the accuracy of self-
consistency by weighting answers based on internal model
confidence. Our work aims to enhance generation effective-
ness and efficiency by using multiple LLMs to complement
each other.

Beyond basic methods like voting, verification strategies
have evolved significantly: Reward-based selection (Chris-
tiano et al. 2017; Stiennon et al. 2020; Zhang et al.
2024b; Cui et al. 2025; Liu et al. 2025) significantly im-
proves answer selection by learning to rank generated sam-
ples based on quality; Automatic verification leverages tool
calls (e.g., calculators, search engines, code executors) (Li
et al. 2022; Schick et al. 2023) or mathematical proof-
checking (Welleck et al. 2022) for rigorous validation; LLM-
as-a-Judge (Zheng et al. 2023; Lifshitz, McIlraith, and Du
2025) improves verification accuracy through off-the-shelf
LLMs which aligns closely with human preferences. We em-
ploy a default voting strategy that balances simplicity and ef-
fectiveness, and it has been shown to be enhanced by strong
verification methods.

Multi-Agent Collaboration. A recently emerging class
of multi-model collaboration methods is multi-agent debate.
Multi-agent debate (Du et al. 2024; Chan et al. 2024; Chen
et al. 2024b; Liang et al. 2023; Smit et al. 2024; Li et al.
2024c; Kim et al. 2024) assigns multiple agents of the same
LLM as proponents and opponents, engaging them in role-
playing dialogues to refine answers through iterative debate.
However, these debate methods typically rely on single ho-
mogeneous LLM. Recently, mixture of agents (Chen, Saha,
and Bansal 2024; Wang et al. 2024a; Li et al. 2024a) re-
fines samples by critically evaluating answers across differ-
ent LLMs in iterative cycles. While showing promise, under
what circumstances LLMs agree on the correct answer and
when they are swayed by noise remains an open question
without a well-established conclusion.

Another class of multi-agent collaboration approach is
model routing (Shnitzer et al. 2023; Lu et al. 2023; Muqeeth
et al. 2024; Ong et al. 2024), which trains router net-
works to distribute questions to specialized models. Our
method achieves analogous benefits through dynamic model
switching based on consistency – effectively implementing
a training-free router that adaptively selects the most appro-
priate model per query.

Our work combines generation-verification paradigm and
multi-agent collaboration by proposing a framework that
leverages model diversity without relying on explicit agent
interactions.

Conclusion
In this paper, we leverage the complementary strengths of
multiple LLMs at the test time without requiring internal fu-
sion or additional training to improve performance. Building
on the repeated-sampling-then-voting framework, we intro-
duce a strategy that not only enhances performance but also
significantly improves computational efficiency.

Empirical observations demonstrate a strong correlation
between a model’s internal consistency and the accuracy of
its generated final answers. Extensive experiments confirm
that our method ModelSwitch achieves competitive perfor-
mance while substantially reducing inference costs. Theo-
retical analysis further validates the efficiency and perfor-
mance benefits. This makes our strategy a practical and gen-
eralizable solution for more efficient and effective applica-
tions of LLMs.
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