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Abstract

Existing multi-LLM collaboration systems of-
ten encounter scalability challenges when in-
tegrating new LLMs and tasks, leading to sub-
optimal performance. To address this, we pro-
pose SMCS, a Scalable Multi-LLLM Collabo-
ration System designed to effectively coordi-
nate multiple open-source LLMs. The system
consists of two core components: a Retrieval-
based Prior Selection (RPS) module, which dy-
namically selects the most suitable LL.Ms for
each input, and an Exploration—-Exploitation-
Driven Posterior Enhancement (EPE) module,
which fosters response diversity and selects
high-quality outputs through a hybrid scor-
ing mechanism. Experiments on eight main-
stream benchmarks validate the effectiveness of
our system: by integrating fifteen open-source
LLMs, SMCS outperforms prevailing closed-
source LLMs, e.g., GPT-4.1(+5.36 %) and GPT-
03-mini(+5.28 %) across multiple tasks. Re-
markably, it even exceeds the average of best
results on different datasets with open-source
LLMs (+2.86 %), pushing the upper bound of
intelligence.

1 Introduction

Recently, Large Language Models (LLMs) (Ope-
nAl, 2025; Anthropic, 2025a,b) have achieved re-
markable success across diverse NLP tasks. With
the development of LLM training techniques, a
growing number of heterogeneous LLMs, particu-
larly open-source LL.Ms trained on disparate data,
have emerged. Due to structural diversity and bias
in the training data, these LLMs possess diverse
specialized skills and are expert in distinct areas.
Therefore, a pivotal and valuable question natu-
rally arises: how can we sustainably harness and
scale up the vast and diverse ensemble of LLMs
to continually push the performance frontier or the
intelligence upper bound?

To answer this question, a general approach
is to construct a Multi-LLM Collaboration Sys-

tem (MCS). The MCS aims to orchestrate interac-
tions among multiple LLMs, enable information ex-
change and integration, and generate high-quality
responses. Emerging works have explored the con-
struction of MCS, which can be broadly divided
into two categories: (1) MCS via prior LLM selec-
tion. These approaches (Chen et al., 2025; Lu et al.,
2023; Shnitzer et al., 2023; Chen et al., 2024d)
select appropriate LL.Ms before response gener-
ation by leveraging prior knowledge correspond-
ing to LLMs, such as their performance on stan-
dard benchmarks or model embeddings obtained
from training on specific datasets. By selecting the
most suitable models for each given question in
advance, these methods aim to increase the like-
lihood of generating high-quality responses. (2)
MCS via posterior response enhancement. These
approaches (Chen et al., 2024c, 2023a; Gui et al.,
2024; Choudhury, 2025) assess the quality of re-
sponses after each LLM has generated its answer,
using inter- or intra-response criteria such as re-
ward model scores, perplexity, or majority voting.
Due to performing reasoning, these methods pro-
vide a more accurate evaluation of response quality
compared to relying solely on prior information.
However, both categories of methods encounter
challenges when scaling the number of LLMs and
tasks. For MCS based on prior LLM selection,
they either require end-to-end router training (Chen
et al., 2024d) for each individual LLM, making it
difficult to continuously incorporate new LLMs, or
rely on limited and discrete capability labels (Chen
et al., 2025), which are insufficient for comprehen-
sive analysis on a given question and hard to handle
unseen questions. For MCS based on posterior re-
sponse enhancement, these methods typically rely
on a single posterior criterion, which can introduce
bias and lead to inaccurate quality assessments.
Moreover, they mainly focus on selecting from an
existing pool of responses, lacking the ability to
generate new and diverse high-quality responses,



AIME

MedMCQA MATH-500

IFEval %> \MBPP

84

MMLU-PRO —_— TiveCodeBench

80
GPQA-Diamond
~—  GPT-03-mini (2025-01-31) —— Claude-3.5-Sonnet (2024-06-20)
—— Claude-3.7-Sonnet (2025-02-19) GPT-4.1 (2025-04-14)
GPT-40 (2024-08-06) —— Ours

(a) Comparisons with closed-source LLMs.

AIME
80

MedMCQA MATH-500
S0

IFEval’ <sMBPP

88

MMLU-PRO

iveCodeBench

0
GPQA-Diamond
Gemma-3-27b-it
Llama-3.3-70B-Instruct
EXAONE-Deep-32B

Qwen3-32B

—— Ours

(b) Comparisons with open-source LLMs.

Figure 1: Results on eight mainstream benchmarks. The proposed SMCS orchestrates fifteen open-source LLMs,
surpassing both open-source and closed-source LLMs and pushing the upper bound of a single LLM.

limiting their performance upper bound. Besides
the above limitations, current MCS methods of-
ten fail to effectively integrate prior and posterior
methods in a coupled manner, which causes unfil-
tered low-quality responses as bottlenecks, which
significantly hinders the overall performance and
scalability of the collaboration system.

To enhance the scalability and break through
the performance upper bound of MCS, we pro-
pose a novel framework called Scalable Multi-
LLM Collaboration System (SMCS). Specifically,
we first construct a question bank comprising di-
verse questions from multiple domains, along with
an LLM pool containing plentiful heterogeneous
LLMs. Each LLM in the pool is evaluated on
the question bank to record its response, repre-
senting its capacity across diverse domains. Fur-
ther, inspired by Retrieval-Augmented Generation
(RAG) (Lewis et al., 2020; Chen et al., 2024a), we
design a retrieval-based prior selection (RPS) strat-
egy: given any question, we retrieve similar ques-
tions from the question bank. A weighted score is
computed for each LLM based on its performance
on the retrieved questions, which serves as the prior
information for selecting high-scoring LLMs. After
that, we introduce exploration—exploitation-driven
posterior enhancement (EPE): in the exploration
phase, these responses are dropped via prior scores
to form multiple answer subsets, which are inde-
pendently aggregated by the selected LLM aggre-
gator; in the exploitation phase, the aggregating
responses are evaluated using a hybrid posterior
scores of mean pairwise similarity and perplexity.
The aggregated response with the highest score is
selected as the final response.

We conduct extensive experiments to validate
the effectiveness of the proposed framework across
eight datasets. Notably, by jointly leveraging fif-
teen mid-sized open-source LLMs, SMCS signifi-
cantly surpasses the current flagship closed-source
models, such as GPT-4.1(+5.36%) and GPT-03-
mini(+5.28% ). Moreover, SMCS also exceeds
both the average performance of the ensemble
of the open-source best baselines(+2.86%). This
demonstrates the strong capability of SMCS and
its potential to break through the upper bound of
performance. Besides, SMCS can consistently ob-
tain gains without remarkable saturation by pro-
gressively increasing the number of LLMs, demon-
strating excellent scalability. Our contributions are
summarized as follows:

* We first present a comprehensive analysis
of existing multi-LLM collaboration sys-
tems from prior and posterior perspectives,
and identify several key limitations hinder-
ing the development of scalable and high-
performance MCS frameworks.

* We propose SMCS, a scalable multi-LLM
collaboration framework. It jointly consid-
ers prior and posterior information, where a
retrieval-based prior selection strategy is pro-
posed to recruit suitable LLMs at the instance
level, and an exploration—exploitation-driven
posterior enhancement strategy is designed to
generate higher-quality responses.

» Extensive experiments across diverse datasets
validate the scalability and effectiveness of
SMCS, demonstrating its ability to enable con-
tinuous expansion of LLMs while harness-



ing open-source models to surpass prevailing
closed-source models.

2 Related works

Prior-based LLM Collaboration. Prior-based
methods focus on dynamically selecting or rout-
ing LLMs before generating responses. Recent re-
search explores LLM routing, where a selector de-
termines the most suitable model for a given ques-
tion without integrating all LLMs. The preliminary
work (Shnitzer et al., 2023) proposes binary classi-
fiers to predict the correctness of individual LLMs,
while ZOOTER (Lu et al., 2023) aligns a router
with reward-model supervision. RouterDC (Chen
et al., 2024d) utilizes dual contrastive learning for
improved accuracy. While GraphRouter (Feng
et al., 2025) constructs model selection as a dy-
namic link prediction problem by constructing het-
erogeneous task-query-LLLM graphs with GNNss,
MODEL-SAT (Zhang et al., 2025) focuses on
performance-based capability representations. The
latter specifically leverages a lightweight LLM to
predict the most effective candidate for a given task.
Most relevant to our work, Symbolic_MoE (Chen
et al., 2025) proposes a Mixture-of-Experts frame-
work that dynamically selects and combines LLMs
based on skill-specific expertise.

Posterior-based LLM Collaboration. Poste-
rior based methods aggregate outputs from mul-
tiple LLM executions to derive an improved re-
sponse. Simple but effective techniques such
as Voting (Li et al., 2024; Wang et al., 2022)
and advanced ranking-based approaches such as
LLM-Blender (Jiang et al., 2023), demonstrate the
benefits of ensemble refinement. Besides, tech-
niques like majority voting (Chen et al., 2024c),
self-consistency (Wang et al., 2022; Chen et al.,
2023b), and best-of-n sampling (Gui et al., 2024)
could enhance reliability in tasks lacking verifi-
cation tools. Mixture of Agents (MoA) (Wang
et al., 2024a) introduces a framework for combin-
ing LLM agents into ensembles, relying on a fixed
set of agents across tasks. Similarly, Self-MoA (Li
et al., 2025) argues that invoking a single high-
performing model multiple times, paired with an
optimal aggregator, can achieve competitive perfor-
mance without leveraging diverse LLMs.

While existing MCS demonstrate effectiveness,
they suffer from two critical limitations: (1) scala-
bility constraints that hinder seamless integration
of new LLMs, and (2) suboptimal performance due

to inefficient utilization and limited exploration of
different LLMSs’ responses. In this work, we pro-
pose SMCS that incorporates the advantages of
prior and posterior approaches. It enables scalable
instance-level LLM selection via RPS strategy, and
extends the diversity of responses while making
full use of them via designed EPE.

3 Method

In this section, we first provide an overview of
SMCS in Sec. 3.1. Then, the construction of the
question bank is stated in Sec. 3.2. Next, we
present the retrieval-based prior selection (RPS)
and exploration—exploitation-driven posterior en-
hancement (EPE) in Sec. 3.3 and Sec. 3.4. A visual
comparison between proposed techniques and ex-
isting methods is shown in Fig. 2.

3.1 Overall Framework

As shown in Fig. 3, for scalable and generalizable
capability assessment for each LLM, SMCS con-
structs a unified question bank by integrating ques-
tions from multiple domains with their labels. Each
LLM is evaluated on the unified question bank to
obtain a fine-grained assessment of its capability
distribution, which contains prior information of
each LLM. During inference, SMCS consists of
two stages: (1) Retrieval-based Prior Selection (2)
Exploration-exploitation-driven Posterior Enhance-
ment. In the first stage, given a question, SMCS
retrieves related questions from the question bank
to obtain prior information of each LLM and se-
lects suitable expert LLMs as referencers. Then,
all referencers are forwarded to collect their re-
sponses as references. Meanwhile, SMCS selects
the LLM with the strongest instruction-following
capability to serve as the aggregator. In the sec-
ond stage, the references are dropped based on the
distribution of the prior information of the corre-
sponding referencers to generate multiple reference
subsets. Each subset is aggregated by the aggre-
gator, resulting in multiple candidates to explore
high-quality responses. Finally, SMCS evaluates
each candidate using a hybrid posterior score that
incorporates both intra-response and inter-response
criteria, serving as an exploitation over the output
space of the aggregator. The candidate with the
highest score is selected as the final response.

3.2 Unified Question Bank

Due to the heterogeneity of LL.Ms from various
sources, it is infeasible to extract prior informa-
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Figure 2: The illustration of two core innovations in proposed SMCS. SMCS adopts different and more advanced
paradigms for prior selection and posterior enhancement, achieving significant scalability and performance.

tion by directly analyzing their architectures or
parameters. To guarantee the generalization of
prior information extraction across diverse LLMs
and tasks, SMCS adopts a black-box evaluation
strategy that analyzes the responses generated by
each LLM to specific inputs. Specifically, given
an LLM bank A = {A;, Ay, ...Ar} containing R
LLMs, SMCS constructs a unified question bank
B = {(«f ,yz ®)|i € [1, N]} by sampling N ques-
tions from the validation sets of diverse tasks for
a comprehensive capability assessment for each
LLM. x?b and ygb are the iz, question and the cor-
responding label in the question bank, respectively.
After constructing the unified question bank, each
LLM A; is forwarded to answer all questions in
the question bank, obtaining a capability vector
V;qb € {0,1}V*! that represents its capabilities
across diverse tasks,

T
b
V= Loty Tonetr=y = Laatmgy] D

where 1, is the indicator. It is worth noting
that for notational simplicity, the parameters 6;
of A; are omitted, and we use “="" to represent
verifying the correctness of a response. More-
over, a pre-trained embedding model M.,,; is
introduced to embedded each question a;gb into
latent space for the later retrieval, denoted as
e’ = Norm(Memp(z?)) € R, where d is
the embedding dimension of M., and Norm(-)
is normalization function. The capacity vector Viqb
records the historical performance of each LLM
at the instance level, providing fine-grained prior
information.

3.3 Retrieval-based Prior Selection

The key to selecting the optimal LLMs is establish-
ing the relevance between the given question and

the collected prior information. Existing methods
typically introduce a preprocessing procedure and
assign the given question to an explicit or implicit
category based on unsupervised clustering (Jitkrit-
tum et al., 2025; Srivatsa et al., 2024) or supervised
learning (Shnitzer et al., 2023; Chen et al., 2024d).
The prior information associated with that cate-
gory is used to estimate the capabilities of different
LLMs for the given question. However, the com-
plex preprocessing introduces noise and bias, po-
tentially incorporating irrelevant prior information.
To address these issues, inspired by the Retrieval-
Augmented Generation (RAG) (Lewis et al., 2020;
Chen et al., 2024a) paradigm, we design a retrieval-
based prior selection without complex preprocess-
ing. The core idea is to retrieve questions similar
to the given question as support questions and then
utilize the weighted scores on the support ques-
tions as a prior representation of LLMs’ capabili-
ties. Specifically, given a question x'", a embed-
ding model M., transfer it into an embedding
vector €™ = Norm(Memp(z™)) € R, Then,
e™ is computed cosine similarity with all e’ to
obtain similarity vector S € [0, 1]V *1, denoted
as

in __ 1,qb _qb qu m
S =lel,e5,...,ey] €

2

To adaptively retrieval the support questions, a base
number N*“P-Y25¢ i5 defined to ensure sufficient
evaluation coverage. Moreover, a tolerance thresh-
old coefficient v € [0, 1] is introduced to obtain a
relatively threshold to select the support questions.

The index of support questions is denoted as
TP = {3|S™[i] > ymax ysup.base(S7™)}  (3)

where maxy(-) refers to the kyy, largest element
in a vector. The number of support questions is
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Figure 3: Overview of our SMCS framework. It dynamically selects Top-K expert LLMs from the predefined LLM
bank through RPS module, then optimizes responses via EPE module to generate high-quality outputs.

N*“P = |I|. Then, according to I°“?, the retrieved
similarity vector S € [0, 1]V >! can be in-
dexed from S, denoted as S = S, and LLM
performance matrix M% € {0,1}#*Nswr can be
indexed from LLM capability vector V2, denoted
as M® = [VI 11 VI2, o, V2T, where R is the
number of LLMs in LLM bank. The LLM prior
vector V"¢ € R %1 can be computed by
vrel = pabgin, 4)
Given the number of selected referencers K, the
selected prior vector can be denoted as
Vel = Vil 17 = argtop (V7). (5)
where argtop (-) refers to obtaining the indices
of the largest K elements of a vector. The LLMs

with the indices I"¢/ are selected as referencers in
the inference, denoted as A"/ = {A;|i € 1"/},

3.4 Exploration-Exploitation-Driven
Posterior Enhancement

After prior selection, SMCS is required to further
evaluate and organize references to filter out in-
ferior information and generate higher-quality re-
sponses. Due to differences in training data and ar-
chitectures, reference responses differ significantly
in patterns and distributions, making direct poste-
rior evaluation challenging. To address these issues,

we adopt an exploration-exploitation-driven poste-
rior enhancement strategy. It explore diverse and
high-quality aggregations by dropping some infe-
rior references and aggregating multi times based
on prior information, and exploits the aggrega-
tions by introducing a hybrid posterior score to
select the optimal aggregation as final response.
Specifically, given the referencers LLMs A"
from prior selection, the references can be col-
lected by forwarding all referencers, denoted as
O = {A;(x™)|A; € AT}, For exploration,
given a dropping number K y,.,,, the references are
dropped following the prior-based discrete sam-
pling distribution D, which is denoted as

. I ) VK] }
Z]K:l eVrer i) Ejk’:l SVrer[j] Z]K:l eVrerli) (6)
‘7;; B Vref[l] _ yref “/ref[Q] _ yref Vref[K] _ yref
std(Vrel) std(Vrel) std(Vrel)

where std(-) refers to obtaining the standard devi-
ation, and we use a renormalize-after-each-draw
rule (Panahbehagh et al., 2021) to achieve suc-
cessive unequal-probability sampling (YU, 2012),
which can be seen as sampling K — K4, refer-
ences from O following D without replacement.
After prior dropping n times, multiple subsets Q"
of O are obtained, and each O*"? is aggregated
by an aggregator 4,4, to generate a aggregation set,
denoted as G; = Aggq(cat(O:*?)) where cat(-)



Model AIME MATH-500 MBPP LiveCodeBench GPQA-Di d MMLU-PRO IFEval MedMCQA Avg
Close-source LLMs
GPT-03-mini(2025-01-31) (OpenAl, 2024) 73.33 84.40 62.00 54.70 66.67 74.00 82.00 74.92 71.50
Claude-3.7-Sonnet(2025-02-19) (Anthropic, 2025b) 26.70 73.20 75.40 41.30 63.64 69.43 88.00 74.75 64.05
GPT-40(2024-08-06) (Achiam et al., 2023) 10.00 74.60 74.20 29.80 52.53 73.83 82.30 76.17 59.18
Claude-3.5-Sonnet(2024-06-20) (Anthropic, 2025a) 16.70 74.20 75.80 34.30 61.62 78.34 80.30 76.00 62.16
GPT-4.1(2025-04-14) (OpenAl, 2025) 50.00 85.80 79.20 42.20 67.17 80.43 86.00 80.58 71.42
Close-source Average 35.34 78.44 73.32 40.46 62.33 75.21 83.72 76.48 65.66
Open-source LLMs
GLM-Z1-32B-0414 (GLM et al., 2024) 66.70 90.00 74.40 44.40 59.60 76.76 83.00 70.50 70.67
Qwen-2.5-72B-Instruct (Team, 2024b) 16.70 78.80 75.80 26.10 4545 72.16 86.30 69.08 58.80
DeepSeek-R1-Distill-Llama-70B (DeepSeek-Al, 2025) 60.00 82.80 76.40 40.70 60.10 74.75 80.30 72.50 68.44
QwQ-32B (Team, 2024c) 46.70 87.80 81.80 38.60 57.07 74.67 81.70 69.83 67.27
Gemma-3-27b-it (Team et al., 2024) 30.00 84.00 70.40 27.70 50.51 65.47 81.00 64.58 59.21
Qwen?2.5-32b-Instruct (Team, 2024a) 20.00 75.60 76.00 24.00 40.91 69.15 78.70 62.92 55.91
TeleChat2-35B-32K (Wang et al., 2024c) 10.00 70.00 70.00 19.50 3333 67.98 82.00 57.08 51.24
InternLM2.5-20B-Chat (Cai et al., 2024) 3.30 55.20 55.00 14.90 34.85 44.23 64.70 51.92 40.51
Llama-3.3-70B-Instruct (Grattafiori et al., 2024) 30.00 73.00 70.40 30.10 46.97 69.87 90.00 7225 60.32
EXAONE-Deep-32B (LG Al Research, 2025) 33.30 84.38 72.80 31.60 58.59 54.76 76.30 59.17 58.86
Qwen?2.5-Coder-32B-Instruct (Hui et al., 2024) 16.70 73.60 78.00 27.70 41.92 61.79 80.30 57.25 54.66
Qwen3-32B (Team, 2025) 53.30 88.00 50.60 33.40 65.15 77.76 83.70 72.17 65.51
Llama-3.3-Nemotron-Super-49B-v1 (Grattafiori et al., 2024)  16.70 75.20 65.40 28.00 48.48 67.47 82.70 70.92 56.86
DeepSeek-R1-Distill-Qwen-32B (DeepSeek-Al, 2025) 56.70 85.60 81.00 44.70 60.10 75.17 73.70 67.25 68.03
HuatuoGPT-01-72B (Chen et al., 2024b) 16.70 73.00 78.00 27.40 50.00 74.16 74.00 75.25 58.56
Open-source Average 3179 78.47 71.73 30.59 50.20 68.41 79.89 66.18 59.66
Other Methods
Symbolic-MoE* (Chen et al., 2025) 50.00 90.40 82.60 43.01 62.63 80.60 89.00 74.88 71.64
MoA (Wang et al., 2024a) 53.33 87.80 82.00 40.12 58.80 79.6 89.33 73.08 70.51
Self-MoA (Li et al., 2025) 76.67 93.00 83.20 29.39 64.41 69.89 86.00 74.88 72.18
Self Consistency (Best on Validation) (Chen et al., 2023b) 60.00 90.40 82.40 40.12 63.64 78.01 90.39 74.83 72.47
Majority Voting (Chen et al., 2024c) 56.67 90.2 80.4 34.65 26.26 80.85 80.67 73.33 65.38
Simple Router 46.70 88.00 81.80 33.40 60.10 72.50 90.00 72.50 68.40
Ours v.s. Strong Baselines
Open-source Upper Bound 66.70 90.00 81.80 44.70 65.15 71.76 90.00 75.25 73.92
SMCS(ours) 73.33 92.60 82.80 52.58 65.15 82.02 90.00 75.75 76.78
- v.s. Self Consistency (Best on Validation) 113.33 12.20 10.40 112.46 11.51 14.01 10.39 10.92 14.31
- v.s. MoA 120.00 14.80 10.8 112.46 16.35 12.42 10.67 12.67 16.27
- v.s. GPT-03-mini 0 18.20 120.80 12.12 11.52 18.02 18.00 10.83 15.28

Table 1: Main Results of our SMCS framework with fifteen open-source LLMs on eight mainstream benchmarks.

refers to concatenating the references and inject-
ing prompts for aggregating. Then, the mean pair-
wise similarity of an aggregation G; is computed
as a similarity score S§™, denoted as S{'™ =
1 > j=1 sim(G;, Gy), where sim(-, -) is comput-
ing cosine similarity using embedding model same
as Formulation 2. Meanwhile, the perplexity score
SPPL is computed as SFPL = 1 — PPL(G)),
where PPL(-) refers to computing the perplex-
ity (Parsing, 2009; Hu et al., 2024) of a response.
Finally, the total score of an aggregation can be
denoted as

Stotal — Ssim + )\SPPL7 (7)

where A is the balance coefficient. Finally, the
aggregation G with the highest S*** is regarded
as the final response of SMCS.

4 Experiments

4.1 Experimental Setting

Datasets. We establish a multi-domain evaluation
comprising eight mainstream benchmarks spanning
four key task categories: (1) Mathematical Prob-
lem Solving (MATH-500 (Hendrycks et al., 2021),
AIME2024 (MAA, 2024)), (2) Complex Reasoning
(GPQA (Rein et al., 2024), MMLU-PRO (Wang
et al., 2024b), MedMCQA (Pal et al., 2022)), (3)
Instruction Following (IFEval (Zhou et al., 2023)),

and (4) Code Generation (MBPP (Austin et al.,
2021), LiveCodeBench (Jain et al., 2024)). Each
dataset is split into non-overlapping validation and
test sets, with all validation sets combined to form
the unified question bank for all benchmarks. See
Appendix A.1 for more details.

LLM Bank. To achieve a balance between model
diversity and efficiency, we carefully curate a col-
lection of fifteen mid-sized open-source LLMs
(from 20B to 72B) from various architectural fami-
lies. SMCS framework employs a two-tiered model
utilization strategy: reference models are dynam-
ically selected from the full LLM bank during in-
ference via task requirements, while the critical
aggregator model is handled by Llama-3.3-70B-
Instruct due to its exceptional instruction-following
performance. See Appendix A.2 for more details.

4.2 Main Results

As demonstrated in Table 1, our proposed SMCS
framework establishes new state-of-the-art results
across eight diverse benchmarks. Through com-
prehensive comparisons with (1) five leading
close-source models (including GPT-03-mini (Ope-
nAl, 2024), GPT-4.1 (OpenAl, 2025), GPT-
40 (Achiam et al., 2023), Claude-3.5-Sonnet (An-
thropic, 2025a), Claude-3.7-Sonnet (Anthropic,
2025b)), (2) fifteen representative open-source
models, and (3) six existing collaboration meth-
ods, our approach demonstrates consistent and sub-
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Figure 4: The scalability curve of SMCS. It can increasingly incorporate more LLMs for higher performance.

stantial improvements across all evaluation dimen-
sions. For example, our SMCS framework achieves
76.78% average accuracy on eight benchmarks,
representing substantial gains of +11.12% and
+17.12% over the average closed-source (65.66%)
and open-source (59.66%) baselines, respectively.
Compared to existing collaboration approaches,
SMCS outperforms Symbolic-MoE* (Chen et al.,
2025) by 4+5.14%, MoA (Wang et al., 2024a) by
+6.27%, Self-MoA (Li et al., 2025) by +4.6%. Re-
markably, our solution even exceeds open-source
upper bounds (+2.86%), while significantly sur-
passing individual leading models, including GPT-
4.1 (+5.36%), GPT-40 (+17.60%), and Claude-3.5-
Sonnet (+12.73%). It demonstrates that SMCS can
effectively combine the strengths of multiple LLMs
to achieve unprecedented performance.

4.3 Efficiency Analysis

Although SMCS focuses on exploring the maxi-
mum performance boundary of multi-LLM collab-
oration rather than optimizing efficiency, we fur-
ther report the API cost and average query latency
of multi-LLM methods and leading closed-source
LLMs. As shown in Table 2, SMCS achieves re-
markable performance superiority, e.g., +5.14%
and +5.28% compared with Symbolic-MoE and
GPT-03-mini, with a competitive cost and infer-
ence time. It verifies the feasibility and economy
of SMCS in practical implementation. The effi-
ciency of SMCS comes from 1) APIs of mid-sized
open-source LLLMs are dramatically cheaper than
closed-source LLMs; 2) Although SMCS requires
more LLLM forward passes, most of these forward
passes, e.g., the inferences of different referencers
and aggregating multiple times, are independent
and can be parallelized, making the overall infer-
ence time only determined by the slowest LLM.

4.4 Scaling Ability

To empirically validate the scalability of SMCS
framework, we conducted experiments measuring

Method/Model Avg Acc(%) Cost($) Avg Latency(s)
GPT-03-mini 71.50 15.36 10.42
Claude-3.7-Sonnet 64.05 20.38 17.92
GPT-4.1 71.42 11.98 10.11
MoA 70.51 9.42 18.64
Self MoA 72.18 9.14 12.82
Symbolic-MoE 71.64 7.86 12.47
Self Consistency(Best on Validation) 72.47 8.39 12.78
SMCS(ours) 76.78 8.11 12.32

Table 2: Cost and average latency of different methods.

Question Bank
Single(MMLU-PRO)

Unified(Eight Datasets)

w/o Question Bank(Random Select)

AIME MBPP GPQA-Diamond MedMCQA
7333 822 64.14 75.17
7333 82.80 65.15 75.75
56.67  82.20 56.56 74.25

Table 3: Comparison with different question banks.

performance improvements with increasing num-
bers of input LLMs. Fig. 4 shows key findings
across four standard benchmarks, revealing a clear
positive correlation between the scale of input
LLMs and overall performance. For instance, on
MMLU-PRO, our SMCS achieves approximately
77% accuracy with five LLMs. When scaled to
ten LLMs, performance improves to nearly 80%,
and with 15 LLMs, the final accuracy approaches
82%. It not only demonstrates the capability of
SMCS to leverage diverse LLMs effectively but
also shows that SMCS has the potential to obtain
sustainable performance gains as the number of
LLMSs continually scales up.

4.5 Out-of-Distribution Performance

To demonstrate the generalization of the proposed
prior selection, we conduct out-of-distribution re-
trieval experiments. Specifically, we build a ques-
tion bank using 5,512 questions only from MMLU-
PRO and evaluate SMCS on the other four datasets.
As shown in Table 3, the results demonstrate
that even with a question bank using an out-of-
distribution dataset, our retrieval-based prior se-
lection surpasses random selection significantly,
while with only marginal performance drops com-
pared with using a multi-dataset question bank. It
verifies the strong generalization of our prior se-
lection mechanism when facing out-of-distribution
questions. Moreover, SMCS can introduce more
diverse questions to further refine LLM capability
assessments and boost performance.
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Figure 5: The proportion of support questions retrieved from different source datasets for a given question.

4.6 Analysis on Prior Selection

As shown in Fig. 5, we display the proportion of
support questions retrieved from different source
datasets. For a given question, the retrieved support
questions are mostly from subjects with similar ca-
pability requirements. Specifically, a substantial
portion of the support questions are retrieved from
the same dataset as the given question, while oth-
ers are from other datasets with similar subjects.
For instance, in the case of MATH, nearly half
of the retrieved support questions are from AIME,
and for MedMCQA, several are retrieved from the
"Health" category in MMLU-PRO. It not only ver-
ifies the effectiveness of our proposed method in
bridging the given question with relevant prior in-
formation but also demonstrates its ability to per-
form cross-dataset retrieval. This capability sig-
nificantly increases the amount of relevant prior
information, enhancing model assessment and sug-
gesting a potential for scalability. Additionally, we
observe a retrieval connection between mathemat-
ics and code-generation tasks, e.g., LiveCodeBench
and AIME retrieve questions from each other, indi-
cating that solving coding and mathematical prob-
lems may require similar capabilities. Moreover,
to verify the correlation between prior LLM eval-
uation and practical performance, we introduce
a pairwise ranking score inspired by the ranking
loss (Hu et al., 2021; Xu et al., 2021) in Neural
Architecture Search (NAS), denoted as

SN > v Ry

ieltest jeP keN ( )

STVt = 0} - [{E[VEEtE] = 1)

icItest

Scorank =

where 1% is the index of test questions, V,"*/ is
the LLM prior vector in Formulation 4 for i, test
question. Vet € {0, 1}% represents the correct-
ness of all LLMs on the test set, where R is the
number of LLMs, 0 and 1 indicate an incorrect and
correct answer, respectively. As shown in Table 4,
compared with Symbolic-MoE, our retrieval-based
method consistently obtains a higher score, sug-
gesting our method provides a more accurate prior
evaluation of LLMs.

MATH MBPP MedMCQA LiveCodeBench AIME
73.54 70.2 64.62 48.64 60.64
7446  70.61 65.17 68.19 86.5

Symbolic-MoE
SMCS(ours)

Table 4: Pairwise ranking scores of different methods.
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Figure 6: The comparison of different posterior enhance-
ment methods. OCA: One Correct Answer proportion;
MCA: Multiple Correct Answers proportion.

4.7 Analysis on Posterior Enhancement

To verify the effectiveness of the proposed posterior
exploration and exploitation, we analyze the pro-
portion of correct answers within multiple aggrega-
tion responses using different strategies, including
the proposed prior drop, random drop, and vallina
aggregating without drop. We use the existing one
correct answer proportion (OCA) and the exist-
ing multiple correct answers proportion (MCA) to
indicate the diversity and quality of multiple aggre-
gating responses, respectively. As shown in Fig. 6,
compared with aggregating without drop and ran-
dom drop, our method can consistently obtain both
higher OCA and MCA, suggesting our method can
explore a more optimal output region by aggre-
gating multiple times. Thus, there are abundant
high-quality candidate responses for exploitation.

5 Conclusion

In this paper, to boost the scalability and perfor-
mance of multi-LLLM collaboration systems, we
propose SMCS by prior selection and posterior
enhancement. Specifically, based on a unified ques-
tion bank, we propose a retrieval-based prior selec-
tion to select the optimal LLMs. Moreover, we pro-
pose an exploration—exploitation-driven posterior
enhancement, which aggregates references multi-
ple times based on prior information to explore
high-quality responses. To select the final output,
we propose a hybrid score that combines perplexity
and mean pairwise similarity. Extensive experi-
ments demonstrate the effectiveness of SMCS.



Limitations

In this section, we discuss the limitations of the
proposed SMCS to provide an underlying advance
in the field of multi-LLM collaboration systems
and to point out promising directions for future
research.

Lack of Efficiency Optimization. To maximize
performance upper bounds, SMCS framework does
not set constraints on the computational cost of se-
lected LLMs. Thus, the system requires sufficient
computational resources and inference time, mak-
ing it hard to deploy on resource-constrained edge
devices. A promising direction for future work is to
design multi-LLLM systems that optimally balance
performance and efficiency.

Lack of Optimization in Inference Configura-
tion. In SMCS, all LLMs are queried using the
same sampling parameters and prompts. However,
a uniform configuration may not be optimal for het-
erogeneous LL.Ms within the system. A potential
future direction is to tailor prompts and configura-
tions for each LLM individually, which can maxi-
mize their capabilities and improve overall system
performance.
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A Appendix

A.1 Dataset Details

In the experimental section, we evaluate our pro-
posed SMCS framework across eight diverse bench-
marks spanning mathematical reasoning, complex
question answering, instruction following, and
code generation tasks. Specifically, we construct
a balanced test set of 1,196 college-level multidis-
ciplinary questions in MMLU-Pro (Wang et al.,
2024b) through stratified sampling from the orig-
inal test set, with 5,512 remaining questions allo-
cated to validation. For GPQA (Rein et al., 2024),
the diamond subset (graduate-level science ques-
tions) serves as our test set, while the remain-
ing data forms the validation set. For MedM-
CQA (Pal et al., 2022), 1,200 medical professional
questions are randomly selected for testing, with
1,000 questions reserved for validation. MATH-
500 (Hendrycks et al., 2021) subset is used for
testing, complemented by 1,000 randomly sam-
pled validation questions from the original dataset.
We employ AIME2024 (MAA, 2024) as our test
set and historical problems (1983-2023) for valida-
tion. For IFEval (Zhou et al., 2023) dataset, 300
instruction-following instances are randomly se-
lected for testing, with 241 instances for validation.
The original test set of MBPP (Austin et al., 2021)
is preserved for evaluation, while the training and
validation sets are combined to form validation.
LiveCodeBench (Jain et al., 2024) v5 serves as test
set, with v6 reserved for validation purposes.

A.2 LLM Bank Details

To achieve an optimal balance between model
diversity and computational efficiency, we
carefully curate a collection of 15 mid-sized open-
source LLMs (from 20B to 72B) from various
architectural families. Specifically, the selected
LLMs include: Qwen2.5-32B-Instruct (Team,
2024b), Qwen-2.5-72B-Instruct (Team, 2024b),
Qwen2.5-Coder-32B-Instruct (Hui et al., 2024),
Qwen3-32B  (Team, 2025), GLM-Z1-32B-
0414 (GLM et al., 2024), DeepSeek-R1-Distill-
Qwen-32B (DeepSeek-Al, 2025), DeepSeek-
R1-Distill-Llama-70B  (DeepSeek-Al, 2025),
QwQ-32B (Team, 2024¢), Gemma-3-27b-it (Team
et al., 2024), TeleChat2-35B-32K (Wang et al.,
2024c¢), InternLM2.5-20B-Chat (Cai et al., 2024),
Llama-3.3-70B-Instruct (Grattafiori et al., 2024),
Llama-3.3-Nemotron-Super-49B-v1 (Bercovich
et al., 2025), HuatuoGPT-01-72B (Chen et al.,
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2024b), EXAONE-Deep-32B (LG Al Research,
2025). As shown in Table 5, our selection en-
compasses: (1) instruction-tuned variants, and (2)
deep thinking models. This strategic composition
ensures comprehensive coverage of different
capabilities while maintaining manageable
computational requirements.

Name Size Type

GLM-Z1-32B-0414 (GLM et al., 2024)
Qwen-2.5-72B-Instruct (Team, 2024b)
DeepSeek-R1-Distill-Llama-70B (DeepSeek-Al, 2025)
QwQ-32B (Team, 2024c)

Gemma-3-27b-it (Team et al., 2024)
Qwen2.5-32b-Instruct (Team, 2024a)
TeleChat2-35B-32K (Wang et al., 2024c)

32B
72B
70B
32B
27B
32B
35B
70B
32B
32B
32B
49B
32B
72B
20B

Deep Thinking
Instruction-tuned
Deep Thinking
Deep Thinking
Instruction-tuned
Instruction-tuned
Instruction-tuned
Instruction-tuned
Deep Thinking
Instruction-tuned
Deep Thinking
Deep Thinking
Deep Thinking
Deep Thinking
Instruction-tuned

Llama-3.3-70B-Instruct (Grattafiori et al., 2024)
EXAONE-Deep-32B (LG Al Research, 2025)
Qwen2.5-Coder-32B-Instruct (Hui et al., 2024)

Qwen3-32B (Team, 2025)
Llama-3.3-Nemotron-Super-49B-v1 (Grattafiori et al., 2024)
DeepSeek-R1-Distill-Qwen-32B (DeepSeek-Al, 2025)
HuatuoGPT-01-72B (Chen et al., 2024b)
InternLM2.5-20B-Chat (Cai et al., 2024)

Table 5: The details of the used LLM bank.

A.3 Implementation Details

Inference Configs. For a fair comparison, we
adopt the same inference configs for all experi-
ments. Specifically, we utilize VLLM (Kwon et al.,
2023) as the framework for LLM inference. For
the sampling parameters of LLM inference, we set
the temperature to 0.7. The maximum length of
output tokens is 8,192 to avoid extremely long re-
sponses. We also set the presence penalty to 1.05
to avoid endless repetition. If the length of con-
text tokens exceeds the limitation of an LLM, the
YaRN (Peng et al., 2023) method is used to ex-
tend the context window. Moreover, we use Ling-
Embed-Mistral (Kim et al., 2024) as the embedding
model in all experiments, and the embedding di-
mension is 8,192.

Hyperparameters. For all SMCS experiments,
we use nearly the same hyperparameters to ensure
consistency and fair comparison. Specifically, we
set the number of referencers K as 7. The base
retrieval number N 5UP-225¢ i5 400 while the toler-
ance threshold coefficient v = 0.95. The dropping
number Ko, is 1. The number of aggregating
n = 8. The balance coefficient of PPL score A
is 1.0. Compared Methods. In the experiment,
in addition to comparing the performance of sin-
gle LLLMs, we also compared six popular multi-
LLMs collaboration methods, and the experimental
settings are as follows: Symbolic_MOE* (Chen
et al., 2025) retains its original model profiling and
LLM selection framework while employing Llama-
3.3-70B-Instruct for final response aggregation.
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Figure 7: Analysis on aggregator selection with six LLMs across five standard benchmarks

MoA (Wang et al., 2024a) employs 15 LLMs as
references, also utilizing Llama-3.3-70B-Instruct
as the aggregator. For both Self-MoA (Li et al.,
2025) and Self-Consistency (Chen et al., 2023b),
we utilize each dataset’s best LLM to generate 8
responses per query. Simple Router directly em-
ploys the best-performing LLM from each dataset’s
question bank for response generation. Majority
Voting (Chen et al., 2024c) determines the final
output through voting among 15 reference LLMs.

A4 Aggregator Selection

In our SMCS framework, the aggregator plays a
pivotal role in consolidating responses from mul-
tiple LLMs to generate optimal outputs. To iden-
tify the most effective aggregator, we conducted
systematic experiments evaluating 6 LLMs as po-
tential aggregators across five diverse benchmarks
and the results are shown in Figure 7. Our anal-
ysis revealed that Llama-3.3-70B-Instruct demon-
strated consistently superior performance across
all datasets, leading to its adoption as our default
aggregator. In addition, two key insights emerged
from this experiment: First, we observed a dissoci-
ation between single-LLLM performance and its ag-
gregation capability on common benchmarks. For
instance, while Qwen3-32B outperformed Llama-
3.3-70B-Instruct by +8% on MMLU-PRO, the lat-
ter showed significantly better aggregation perfor-
mance (+4% over Qwen3-32B). (2) However, we
also identified a positive correlation between single-
LLM performance and aggregation capability on
the IFEval benchmark. This correlation stems from
IFEval’s focus on instruction-following tasks, sug-
gesting that optimal aggregator selection should
prioritize LLLMs with strong instruction-following
abilities to maximize MACS performance.
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A.5 Experiments on More Output Tokens

To further explore the potential of the proposed
SMCS with the existing open-source LLMs, we
only extend the maximum length of output to-
kens of referencers and aggregators from 8,192
to 32,768 while retaining the other experiment set-
tings for complex reasoning questions. For a fair
and accurate comparison, we also extend the max-
imum length of output tokens of other LLMs to
32,768. It is worth noting that because non-deep-
thinking LL.Ms respond to questions with fewer
output tokens (fewer than 8,192 tokens), we di-
rectly utilize the results with 8,192 output tokens
for non-deep-thinking LLMs as a comparison. Be-
sides, different from the experimental settings in
the manuscript, in coding tasks including MBPP
and LiveCodeBench, QwQ-32B is adopted as the
aggregator for better performance, while Llama-
3.3-70B-Instruct is utilized in other tasks. As
shown in Table 6, with more output tokens, SMCS
also maintains remarkable superiority compared
with other open-source and closed-source single
LLMs. Specifically, based on fifteen mid-sized
open-source LLMs, SMCS can surpass the flag-
ship closed-source LLMs GPT-4.1 by 9.59% and
GPT-03-mini by 9.51%, respectively. Moreover,
under the setting of more output tokens, SMCS can
consistently break through the challenging open-
source upper bound by 4.68% and closed-source
upper bound by 6.27%, which demonstrates that
SMCS has the potential to push the upper bound of
intelligence using multi-LLM collaboration.

A.6 Statistical Analysis

To provide statements about statistical significance,
we conduct repetitive experiments on four datasets,
including LiveCodeBench, MMLU-Pro, GPQA-
Diamond, and MedMCQA. Each setting is run



Model AIME MATH-500 MBPP LiveCodeB GPQA-Di MMLU-PRO IFEval MedMCQA Avg
Close-source LLMs
GPT-03-mini(2025-01-31) (OpenAl, 2024) 73.33 84.40 62.00 54.70 66.67 74.00 82.00 74.92 71.50
Claude-3.7-Sonnet(2025-02-19) (Anthropic, 2025b) 26.70 73.20 75.40 41.30 63.64 69.43 88.00 74.75 64.05
GPT-40(2024-08-06) (Achiam et al., 2023) 10.00 74.60 74.20 29.80 52.53 73.83 82.30 76.17 59.18
Claude-3.5-Sonnet(2024-06-20) (Anthropic, 2025a) 16.70 74.20 75.80 34.30 61.62 78.34 80.30 76.00 62.16
GPT-4.1(2025-04-14) (OpenAl, 2025) 50.00 85.80 79.20 42.20 67.17 80.43 86.00 80.58 71.42
Close-source Average 35.34 78.44 73.32 40.46 62.33 75.21 83.72 76.48 65.66
Open-source LLMs
GLM-Z1-32B-0414 (GLM et al., 2024) 73.33 922 76.20 56.50 62.12 77.84 84.30 71.08 74.20
Qwen-2.5-72B-Instruct (Team, 2024b) 16.70 80.8 77.40 26.10 46.97 72.16 86.30 69.08 59.43
DeepSeek-R1-Distill-Llama-70B (DeepSeek-Al, 2025) 76.70 86.00 78.40 57.80 60.60 76.09 80.70 73.17 73.68
QwQ-32B (Team, 2024c) 80.00 91.80 85.20 59.60 62.63 78.34 82.30 70.75 76.33
Gemma-3-27b-it (Team et al., 2024) 30.00 84.00 70.40 27.70 50.51 65.47 81.00 64.58 59.21
Qwen2.5-32b-Instruct (Team, 2024a) 20.00 75.60 76.00 24.00 40.91 69.15 78.70 62.92 5591
TeleChat2-35B-32K (Wang et al., 2024c) 10.00 70.00 70.00 19.50 33.33 67.98 82.00 57.08 51.24
InternLM2.5-20B-Chat (Cai et al., 2024) 3.30 55.20 55.00 14.90 34.85 44.23 64.70 51.92 40.51
Llama-3.3-70B-Instruct (Grattafiori et al., 2024) 30.00 73.00 70.40 30.10 46.97 69.87 90.00 7225 60.32
EXAONE-Deep-32B (LG Al Research, 2025) 73.33 92.20 80.60 58.10 63.13 70.48 76.30 60.83 71.87
Qwen2.5-Coder-32B-Instruct (Hui et al., 2024) 16.70 73.60 78.00 27.70 41.92 61.79 80.30 57.25 54.66
Qwen3-32B (Team, 2025) 80.00 92.80 53.20 64.10 64.65 77.76 83.00 70.92 73.30
Llama-3.3-Nemotron-Super-49B-v1 (Grattafiori et al., 2024)  16.70 75.20 65.40 28.00 48.48 67.47 82.70 70.92 56.86
DeepSeek-R1-Distill-Qwen-32B (DeepSeek-Al, 2025) 70.00 85.60 83.40 58.10 57.58 75.17 74.30 67.75 71.49
HuatuoGPT-01-72B (Chen et al., 2024b) 13.33 73.20 78.00 24.30 52.53 74.16 74.00 76.00 58.19
Open-source Average 40.67 80.11 73.09 38.37 51.45 69.86 80.04 66.18 62.47
Ours v.s. Strong Baselines
Open-source Upper Bound 80.00 92.80 85.20 64.10 64.65 78.34 90.00 76.00 76.33
SMCS(ours) 86.67 94.50 87.00 65.65 66.16 81.61 90.00 76.50 81.01
-v.s. GPT4.1 136.67 18.70 17.80 123.45 11.01 T1.18 14.00 14.08 19.59
- v.s. GPT-03-mini 113.34 110.10 125.00 110.95 10.51 17.61 18.00 T1.58 19.51
- v.s. GPT-40 17667 11990  112.80 135.85 113.63 17.78 +7.70 10.33 121.83
- v.s. Claude-3.7-Sonnet 15997 12130 +11.60 124.35 12.52 +12.18 12.00 11.75 116.96
Table 6: Main Results on eight mainstream benchmarks using 32,768 maximum output tokens.
Datasets | LiveCodeBench MMLU-PRO GPQA-Diamond MedMCQA RPS MPS PPL Prior Drop | MMLU-PRO MedMCQA MATH MBPP
SMCS 52.17+0.46 82.05+0.13 64.81+0.58 75.69+0.42 X X X X 79.60 73.08 87.8  82.00
X v X X 80.27 74.00 90.00 822

. . v XX X 81.10 75.08 91.80 8240

Table 7: The statistical analysis of the proposed SMCS VR x 81.43 7516 9180 8240

. : : v v v X 81.52 75.42 9240  82.60

on four datasets. Each setting is run three times under VY g 000 S S

different random seeds.

three times using the hyperparameters in A.3 un-
der different random seeds. As shown in Table 7,
SMCS achieves high mean performance across all
four datasets, comparable to the results in Table 1,
which demonstrates its ability to deliver consis-
tently strong performance. Furthermore, it can be
observed that the standard deviation of SMCS is
below 0.6, indicating its superior stability across
various settings.

A.7 Component Ablation

We perform a comprehensive component-wise ab-
lation study on four standard benchmarks to quan-
tify the contribution of each component in our
SMCS framework. As shown in Table 8, the base-
line achieves 79.60% accuracy on MMLU-PRO.
Adding the Major Similarity and RPS modules im-
proves performance by +0.67% and +1.5%, respec-
tively, reaching 81.43% when combined. Further
gains come from PPL Filtering and Prior Drop,
each contributing an additional +0.5%. Similar im-
provements are observed on MedMCQA, MATH,
and MBPP, confirming the effectiveness of each
component in enhancing multi-agent collaboration.
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Table 8: Component ablation on four standard datasets.
RPS: Retrieval-based Prior Selection; MPS: Mean Pair-
wise Similarity; PPL: Perplexity.

A.8 Prompts

To maximize task-specific performance across
diverse benchmarks, we developed customized
prompt designs for each of the eight evaluation
benchmarks, aligning with their distinctive charac-
teristics, as illustrated in Fig. 8. In addition, we
elaborated on the prompt design for the aggregator
within our SMCS framework by drawing inspira-
tion from the aggregator prompt strategy proposed
in MOA (Wang et al., 2024a), as shown in Fig. 9.



Prompt Design for AIME benchmark

System Prompt: "Please reason step by step, and put your final answer within \boxed{ }."
User Prompt: "Question: {question}."

Prompt Design for MATH benchmark

System Prompt: "You are a math problem solver. Please solve the following math problem. Be
sure to explain your solution in detail. The numerical values in the answer should be surrounded by
\\boxed. The final answer should start with *The answer is’ and give the conclusion directly. Do
not add any extra content."

User Prompt: "Question: {question}."

,
\

Prompt Design for MBPP benchmark

System Prompt: "You are an exceptionally intelligent coding assistant that consistently delivers
accurate and reliable responses to user instructions."
User Prompt: "Question: {question}."

,
\

Prompt Design for LiveCodeBench benchmark

System Prompt: "You are an expert Python programmer. You will be given a question (problem
specification) and will generate a correct Python program that matches the specification and passes
all tests."

User Prompt: "Question: {question}."

,
\

Prompt Design for GPQA benchmark

System Prompt: "You are a very intelligent assistant, who follows instructions directly."
User Prompt: "Question: {question}."

,
\

Prompt Design for MMLU-PRO benchmark

System Prompt: "The following are multiple choice questions (with answers) about . Think step
by step and then output the answer in the format of "The answer is (X)" at the end."
User Prompt: "Question: {question}."

,
\

Prompt Design for IFEval benchmark

User Prompt: "Instruction: {question}."

f
\

Prompt Design for MedMCQA benchmark

System Prompt: "Provide your step-by-step reasoning first, and then print "The answer is (X)",
where X is the answer choice (one capital letter), at the end of your response."
User Prompt: "Question: {question}."

Figure 8: Prompt Design for eight diverse benchmarks within our SMCS framework.
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Prompt Design for Aggregator

System Prompt: "You have been provided with a set of responses from various open-source
models to the latest user query. Your task is to synthesize these responses into a single, high-quality
response. It is crucial to critically evaluate the information provided in these responses, recognizing
that some of it may be biased or incorrect. Your response should not simply replicate the given
answers but should offer a refined, accurate, and comprehensive reply to the instruction. Ensure
your response is well-structured, coherent, and adheres to the highest standards of accuracy and
reliability.

Responses from models:

1.{Responsel }

2.{Response?2}

"

User Prompt: "Question: {question}."

Figure 9: Prompt Design for Aggregator within our SMCS, inspired by MoA (Wang et al., 2024a).
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