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Abstract001

Existing multi-LLM collaboration systems of-002
ten encounter scalability challenges when in-003
tegrating new LLMs and tasks, leading to sub-004
optimal performance. To address this, we pro-005
pose SMCS, a Scalable Multi-LLM Collabo-006
ration System designed to effectively coordi-007
nate multiple open-source LLMs. The system008
consists of two core components: a Retrieval-009
based Prior Selection (RPS) module, which dy-010
namically selects the most suitable LLMs for011
each input, and an Exploration–Exploitation-012
Driven Posterior Enhancement (EPE) module,013
which fosters response diversity and selects014
high-quality outputs through a hybrid scor-015
ing mechanism. Experiments on eight main-016
stream benchmarks validate the effectiveness of017
our system: by integrating fifteen open-source018
LLMs, SMCS outperforms prevailing closed-019
source LLMs, e.g., GPT-4.1(+5.36%) and GPT-020
o3-mini(+5.28%) across multiple tasks. Re-021
markably, it even exceeds the average of best022
results on different datasets with open-source023
LLMs (+2.86%), pushing the upper bound of024
intelligence.025

1 Introduction026

Recently, Large Language Models (LLMs) (Ope-027

nAI, 2025; Anthropic, 2025a,b) have achieved re-028

markable success across diverse NLP tasks. With029

the development of LLM training techniques, a030

growing number of heterogeneous LLMs, particu-031

larly open-source LLMs trained on disparate data,032

have emerged. Due to structural diversity and bias033

in the training data, these LLMs possess diverse034

specialized skills and are expert in distinct areas.035

Therefore, a pivotal and valuable question natu-036

rally arises: how can we sustainably harness and037

scale up the vast and diverse ensemble of LLMs038

to continually push the performance frontier or the039

intelligence upper bound?040

To answer this question, a general approach041

is to construct a Multi-LLM Collaboration Sys-042

tem (MCS). The MCS aims to orchestrate interac- 043

tions among multiple LLMs, enable information ex- 044

change and integration, and generate high-quality 045

responses. Emerging works have explored the con- 046

struction of MCS, which can be broadly divided 047

into two categories: (1) MCS via prior LLM selec- 048

tion. These approaches (Chen et al., 2025; Lu et al., 049

2023; Shnitzer et al., 2023; Chen et al., 2024d) 050

select appropriate LLMs before response gener- 051

ation by leveraging prior knowledge correspond- 052

ing to LLMs, such as their performance on stan- 053

dard benchmarks or model embeddings obtained 054

from training on specific datasets. By selecting the 055

most suitable models for each given question in 056

advance, these methods aim to increase the like- 057

lihood of generating high-quality responses. (2) 058

MCS via posterior response enhancement. These 059

approaches (Chen et al., 2024c, 2023a; Gui et al., 060

2024; Choudhury, 2025) assess the quality of re- 061

sponses after each LLM has generated its answer, 062

using inter- or intra-response criteria such as re- 063

ward model scores, perplexity, or majority voting. 064

Due to performing reasoning, these methods pro- 065

vide a more accurate evaluation of response quality 066

compared to relying solely on prior information. 067

However, both categories of methods encounter 068

challenges when scaling the number of LLMs and 069

tasks. For MCS based on prior LLM selection, 070

they either require end-to-end router training (Chen 071

et al., 2024d) for each individual LLM, making it 072

difficult to continuously incorporate new LLMs, or 073

rely on limited and discrete capability labels (Chen 074

et al., 2025), which are insufficient for comprehen- 075

sive analysis on a given question and hard to handle 076

unseen questions. For MCS based on posterior re- 077

sponse enhancement, these methods typically rely 078

on a single posterior criterion, which can introduce 079

bias and lead to inaccurate quality assessments. 080

Moreover, they mainly focus on selecting from an 081

existing pool of responses, lacking the ability to 082

generate new and diverse high-quality responses, 083
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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. Besides084

the above limitations, current MCS methods of-085

ten fail to effectively integrate prior and posterior086

methods in a coupled manner, which causes unfil-087

tered low-quality responses as bottlenecks, which088

significantly hinders the overall performance and089

scalability of the collaboration system.090

To enhance the scalability and break through091

the performance upper bound of MCS, we pro-092

pose a novel framework called Scalable Multi-093

LLM Collaboration System (SMCS). Specifically,094

we first construct a question bank comprising di-095

verse questions from multiple domains, along with096

an LLM pool containing plentiful heterogeneous097

LLMs. Each LLM in the pool is evaluated on098

the question bank to record its response, repre-099

senting its capacity across diverse domains. Fur-100

ther, inspired by Retrieval-Augmented Generation101

(RAG) (Lewis et al., 2020; Chen et al., 2024a), we102

design a retrieval-based prior selection (RPS) strat-103

egy: given any question, we retrieve similar ques-104

tions from the question bank. A weighted score is105

computed for each LLM based on its performance106

on the retrieved questions, which serves as the prior107

information for selecting high-scoring LLMs. After108

that, we introduce exploration–exploitation-driven109

posterior enhancement (EPE): in the exploration110

phase, these responses are dropped via prior scores111

to form multiple answer subsets, which are inde-112

pendently aggregated by the selected LLM aggre-113

gator; in the exploitation phase, the aggregating114

responses are evaluated using a hybrid posterior115

scores of mean pairwise similarity and perplexity.116

The aggregated response with the highest score is117

selected as the final response.118

We conduct extensive experiments to validate 119

the effectiveness of the proposed framework across 120

eight datasets. Notably, by jointly leveraging fif- 121

teen mid-sized open-source LLMs, SMCS signifi- 122

cantly surpasses the current flagship closed-source 123

models, such as GPT-4.1(+5.36%) and GPT-o3- 124

mini(+5.28%). Moreover, SMCS also exceeds 125

both the average performance of the ensemble 126

of the open-source best baselines(+2.86%). This 127

demonstrates the strong capability of SMCS and 128

its potential to break through the upper bound of 129

performance. Besides, SMCS can consistently ob- 130

tain gains without remarkable saturation by pro- 131

gressively increasing the number of LLMs, demon- 132

strating excellent scalability. Our contributions are 133

summarized as follows: 134

• We first present a comprehensive analysis 135

of existing multi-LLM collaboration sys- 136

tems from prior and posterior perspectives, 137

and identify several key limitations hinder- 138

ing the development of scalable and high- 139

performance MCS frameworks. 140

• We propose SMCS, a scalable multi-LLM 141

collaboration framework. It jointly consid- 142

ers prior and posterior information, where a 143

retrieval-based prior selection strategy is pro- 144

posed to recruit suitable LLMs at the instance 145

level, and an exploration–exploitation-driven 146

posterior enhancement strategy is designed to 147

generate higher-quality responses. 148

• Extensive experiments across diverse datasets 149

validate the scalability and effectiveness of 150

SMCS, demonstrating its ability to enable con- 151

tinuous expansion of LLMs while harness- 152
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ing open-source models to surpass prevailing153

closed-source models.154

2 Related works155

Prior-based LLM Collaboration. Prior-based156

methods focus on dynamically selecting or rout-157

ing LLMs before generating responses. Recent re-158

search explores LLM routing, where a selector de-159

termines the most suitable model for a given ques-160

tion without integrating all LLMs. The preliminary161

work (Shnitzer et al., 2023) proposes binary classi-162

fiers to predict the correctness of individual LLMs,163

while ZOOTER (Lu et al., 2023) aligns a router164

with reward-model supervision. RouterDC (Chen165

et al., 2024d) utilizes dual contrastive learning for166

improved accuracy. While GraphRouter (Feng167

et al., 2025) constructs model selection as a dy-168

namic link prediction problem by constructing het-169

erogeneous task-query-LLM graphs with GNNs,170

MODEL-SAT (Zhang et al., 2025) focuses on171

performance-based capability representations. The172

latter specifically leverages a lightweight LLM to173

predict the most effective candidate for a given task.174

Most relevant to our work, Symbolic_MoE (Chen175

et al., 2025) proposes a Mixture-of-Experts frame-176

work that dynamically selects and combines LLMs177

based on skill-specific expertise.178

Posterior-based LLM Collaboration. Poste-179

rior based methods aggregate outputs from mul-180

tiple LLM executions to derive an improved re-181

sponse. Simple but effective techniques such182

as Voting (Li et al., 2024; Wang et al., 2022)183

and advanced ranking-based approaches such as184

LLM-Blender (Jiang et al., 2023), demonstrate the185

benefits of ensemble refinement. Besides, tech-186

niques like majority voting (Chen et al., 2024c),187

self-consistency (Wang et al., 2022; Chen et al.,188

2023b), and best-of-n sampling (Gui et al., 2024)189

could enhance reliability in tasks lacking verifi-190

cation tools. Mixture of Agents (MoA) (Wang191

et al., 2024a) introduces a framework for combin-192

ing LLM agents into ensembles, relying on a fixed193

set of agents across tasks. Similarly, Self-MoA (Li194

et al., 2025) argues that invoking a single high-195

performing model multiple times, paired with an196

optimal aggregator, can achieve competitive perfor-197

mance without leveraging diverse LLMs.198

While existing MCS demonstrate effectiveness,199

they suffer from two critical limitations: (1) scala-200

bility constraints that hinder seamless integration201

of new LLMs, and (2) suboptimal performance due202

to inefficient utilization and limited exploration of 203

different LLMs’ responses. In this work, we pro- 204

pose SMCS that incorporates the advantages of 205

prior and posterior approaches. It enables scalable 206

instance-level LLM selection via RPS strategy, and 207

extends the diversity of responses while making 208

full use of them via designed EPE. 209

3 Method 210

In this section, we first provide an overview of 211

SMCS in Sec. 3.1. Then, the construction of the 212

question bank is stated in Sec. 3.2. Next, we 213

present the retrieval-based prior selection (RPS) 214

and exploration–exploitation-driven posterior en- 215

hancement (EPE) in Sec. 3.3 and Sec. 3.4. A visual 216

comparison between proposed techniques and ex- 217

isting methods is shown in Fig. 2. 218

3.1 Overall Framework 219

As shown in Fig. 3, for scalable and generalizable 220

capability assessment for each LLM, SMCS con- 221

structs a unified question bank by integrating ques- 222

tions from multiple domains with their labels. Each 223

LLM is evaluated on the unified question bank to 224

obtain a fine-grained assessment of its capability 225

distribution, which contains prior information of 226

each LLM. During inference, SMCS consists of 227

two stages: (1) Retrieval-based Prior Selection (2) 228

Exploration-exploitation-driven Posterior Enhance- 229

ment. In the first stage, given a question, SMCS 230

retrieves related questions from the question bank 231

to obtain prior information of each LLM and se- 232

lects suitable expert LLMs as referencers. Then, 233

all referencers are forwarded to collect their re- 234

sponses as references. Meanwhile, SMCS selects 235

the LLM with the strongest instruction-following 236

capability to serve as the aggregator. In the sec- 237

ond stage, the references are dropped based on the 238

distribution of the prior information of the corre- 239

sponding referencers to generate multiple reference 240

subsets. Each subset is aggregated by the aggre- 241

gator, resulting in multiple candidates to explore 242

high-quality responses. Finally, SMCS evaluates 243

each candidate using a hybrid posterior score that 244

incorporates both intra-response and inter-response 245

criteria, serving as an exploitation over the output 246

space of the aggregator. The candidate with the 247

highest score is selected as the final response. 248

3.2 Unified Question Bank 249

Due to the heterogeneity of LLMs from various 250

sources, it is infeasible to extract prior informa- 251
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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 or252

parameters. To guarantee the generalization of253

prior information extraction across diverse LLMs254

and tasks, SMCS adopts a black-box evaluation255

strategy that analyzes the responses generated by256

each LLM to specific inputs. Specifically, given257

an LLM bank A = {A1, A2, ...AR} containing R258

LLMs, SMCS constructs a unified question bank259

B = {(xqbi , yqbi )|i ∈ [1, N ]} by sampling N ques-260

tions from the validation sets of diverse tasks for261

a comprehensive capability assessment for each262

LLM. xqbi and yqbi are the ith question and the cor-263

responding label in the question bank, respectively.264

After constructing the unified question bank, each265

LLM Ai is forwarded to answer all questions in266

the question bank, obtaining a capability vector267

V qb
i ∈ {0, 1}N×1 that represents its capabilities268

across diverse tasks,269

V qb
i =

[
1{Ai(x

qb
0 )=yqb0 },1{Ai(x

qb
1 )=yqb1 }, ...,1{Ai(x

qb
N )=yqbN }

]⊤ (1)270

where 1{·} is the indicator. It is worth noting271

that for notational simplicity, the parameters θi272

of Ai are omitted, and we use “=” to represent273

verifying the correctness of a response. More-274

over, a pre-trained embedding model Memb is275

introduced to embedded each question xqbi into276

latent space for the later retrieval, denoted as277

eqbi = Norm(Memb(x
qb
i )) ∈ Rd×1, where d is278

the embedding dimension of Memb and Norm(·)279

is normalization function. The capacity vector V qb
i280

records the historical performance of each LLM281

at the instance level, providing fine-grained prior282

information.283

3.3 Retrieval-based Prior Selection284

The key to selecting the optimal LLMs is establish-285

ing the relevance between the given question and286

the collected prior information. Existing methods 287

typically introduce a preprocessing procedure and 288

assign the given question to an explicit or implicit 289

category based on unsupervised clustering (Jitkrit- 290

tum et al., 2025; Srivatsa et al., 2024) or supervised 291

learning (Shnitzer et al., 2023; Chen et al., 2024d). 292

The prior information associated with that cate- 293

gory is used to estimate the capabilities of different 294

LLMs for the given question. However, the com- 295

plex preprocessing introduces noise and bias, po- 296

tentially incorporating irrelevant prior information. 297

To address these issues, inspired by the Retrieval- 298

Augmented Generation (RAG) (Lewis et al., 2020; 299

Chen et al., 2024a) paradigm, we design a retrieval- 300

based prior selection without complex preprocess- 301

ing. The core idea is to retrieve questions similar 302

to the given question as support questions and then 303

utilize the weighted scores on the support ques- 304

tions as a prior representation of LLMs’ capabili- 305

ties. Specifically, given a question xin, a embed- 306

ding model Memb transfer it into an embedding 307

vector ein = Norm(Memb(x
in)) ∈ Rd×1. Then, 308

ein is computed cosine similarity with all eqb to 309

obtain similarity vector Sin ∈ [0, 1]N×1, denoted 310

as 311

Sin = [eqb1 , eqb2 , ..., eqbN ]⊤ein. (2) 312

To adaptively retrieval the support questions, a base 313

number N sup_base is defined to ensure sufficient 314

evaluation coverage. Moreover, a tolerance thresh- 315

old coefficient γ ∈ [0, 1] is introduced to obtain a 316

relatively threshold to select the support questions. 317

The index of support questions is denoted as 318

Isup = {i|Sin[i] ≥ γmaxNsup_base(Sin)} (3) 319

where maxk(·) refers to the kth largest element 320

in a vector. The number of support questions is 321
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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 sup = |I|. Then, according to Isup, the retrieved322

similarity vector Ŝin ∈ [0, 1]N
sup×1 can be in-323

dexed from Sin, denoted as Ŝin = Sin
I , and LLM324

performance matrix M qb ∈ {0, 1}R×Nsup can be325

indexed from LLM capability vector V qb, denoted326

as M qb = [V qb
I,1, V

qb
I,2, ..., V

qb
I,R]

⊤, where R is the327

number of LLMs in LLM bank. The LLM prior328

vector V ref ∈ RR ×1 can be computed by329

V ref = M qbŜin. (4)330

Given the number of selected referencers K, the331

selected prior vector can be denoted as332

V̂ ref = V ref
Iref

, Iref = argtopK(V ref ), (5)333

where argtopK(·) refers to obtaining the indices334

of the largest K elements of a vector. The LLMs335

with the indices Iref are selected as referencers in336

the inference, denoted as Aref = {Ai|i ∈ Iref}.337

3.4 Exploration-Exploitation-Driven338

Posterior Enhancement339

After prior selection, SMCS is required to further340

evaluate and organize references to filter out in-341

ferior information and generate higher-quality re-342

sponses. Due to differences in training data and ar-343

chitectures, reference responses differ significantly344

in patterns and distributions, making direct poste-345

rior evaluation challenging. To address these issues,346

we adopt an exploration-exploitation-driven poste- 347

rior enhancement strategy. It explore diverse and 348

high-quality aggregations by dropping some infe- 349

rior references and aggregating multi times based 350

on prior information, and exploits the aggrega- 351

tions by introducing a hybrid posterior score to 352

select the optimal aggregation as final response. 353

Specifically, given the referencers LLMs Aref 354

from prior selection, the references can be col- 355

lected by forwarding all referencers, denoted as 356

Oall = {Ai(x
in)|Ai ∈ Aref}. For exploration, 357

given a dropping number Kdrop, the references are 358

dropped following the prior-based discrete sam- 359

pling distribution D, which is denoted as 360

D =

 e
˜̂V ref [1]∑K

j=1 e
˜̂V ref [j]

,
e
˜̂V ref [2]∑K

j=1 e
˜̂V ref [j]

, ...,
e
˜̂V ref [K]∑K

j=1 e
˜̂V ref [j]

 ,

˜̂V ref =

[
V̂ ref [1]− V̂ ref

std(V̂ ref )
,
V̂ ref [2]− V̂ ref

std(V̂ ref )
, ...,

V̂ ref [K]− V̂ ref

std(V̂ ref )

] (6) 361

where std(·) refers to obtaining the standard devi- 362

ation, and we use a renormalize-after-each-draw 363

rule (Panahbehagh et al., 2021) to achieve suc- 364

cessive unequal-probability sampling (YU, 2012), 365

which can be seen as sampling K − Kdrop refer- 366

ences from Oall following D without replacement. 367

After prior dropping n times, multiple subsets Osub 368

of Oall are obtained, and each Osub is aggregated 369

by an aggregator Aagg to generate a aggregation set, 370

denoted as Gi = Aagg(cat(O
sub
i )) where cat(·) 371
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Model AIME MATH-500 MBPP LiveCodeBench GPQA-Diamond MMLU-PRO IFEval MedMCQA Avg

Close-source LLMs
GPT-o3-mini(2025-01-31) (OpenAI, 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-4o(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) (OpenAI, 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 45.45 72.16 86.30 69.08 58.80
DeepSeek-R1-Distill-Llama-70B (DeepSeek-AI, 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
Qwen2.5-32b-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 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 72.25 60.32
EXAONE-Deep-32B (LG AI Research, 2025) 33.30 84.38 72.80 31.60 58.59 54.76 76.30 59.17 58.86
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) 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-AI, 2025) 56.70 85.60 81.00 44.70 60.10 75.17 73.70 67.25 68.03
HuatuoGPT-o1-72B (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 31.79 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 77.76 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) ↑13.33 ↑2.20 ↑0.40 ↑12.46 ↑1.51 ↑4.01 ↓0.39 ↑0.92 ↑4.31
- v.s. MoA ↑20.00 ↑4.80 ↑0.8 ↑12.46 ↑6.35 ↑2.42 ↑0.67 ↑2.67 ↑6.27
- v.s. GPT-o3-mini 0 ↑8.20 ↑20.80 ↓2.12 ↓1.52 ↑8.02 ↑8.00 ↑0.83 ↑5.28

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

refers to concatenating the references and inject-372

ing prompts for aggregating. Then, the mean pair-373

wise similarity of an aggregation Gi is computed374

as a similarity score Ssim
i , denoted as Ssim

i =375
1
n

∑n
j=1 sim(Gi, Gj), where sim(·, ·) is comput-376

ing cosine similarity using embedding model same377

as Formulation 2. Meanwhile, the perplexity score378

SPPL
i is computed as SPPL

i = 1 − PPL(Gi),379

where PPL(·) refers to computing the perplex-380

ity (Parsing, 2009; Hu et al., 2024) of a response.381

Finally, the total score of an aggregation can be382

denoted as383

Stotal = Ssim + λSPPL, (7)384

where λ is the balance coefficient. Finally, the385

aggregation G with the highest Stotal is regarded386

as the final response of SMCS.387

4 Experiments388

4.1 Experimental Setting389

Datasets. We establish a multi-domain evaluation390

comprising eight mainstream benchmarks spanning391

four key task categories: (1) Mathematical Prob-392

lem Solving (MATH-500 (Hendrycks et al., 2021),393

AIME2024 (MAA, 2024)), (2) Complex Reasoning394

(GPQA (Rein et al., 2024), MMLU-PRO (Wang395

et al., 2024b), MedMCQA (Pal et al., 2022)), (3)396

Instruction Following (IFEval (Zhou et al., 2023)),397

and (4) Code Generation (MBPP (Austin et al., 398

2021), LiveCodeBench (Jain et al., 2024)). Each 399

dataset is split into non-overlapping validation and 400

test sets, with all validation sets combined to form 401

the unified question bank for all benchmarks. See 402

Appendix A.1 for more details. 403

LLM Bank. To achieve a balance between model 404

diversity and efficiency, we carefully curate a col- 405

lection of fifteen mid-sized open-source LLMs 406

(from 20B to 72B) from various architectural fami- 407

lies. SMCS framework employs a two-tiered model 408

utilization strategy: reference models are dynam- 409

ically selected from the full LLM bank during in- 410

ference via task requirements, while the critical 411

aggregator model is handled by Llama-3.3-70B- 412

Instruct due to its exceptional instruction-following 413

performance. See Appendix A.2 for more details. 414

4.2 Main Results 415

As demonstrated in Table 1, our proposed SMCS 416

framework establishes new state-of-the-art results 417

across eight diverse benchmarks. Through com- 418

prehensive comparisons with (1) five leading 419

close-source models (including GPT-o3-mini (Ope- 420

nAI, 2024), GPT-4.1 (OpenAI, 2025), GPT- 421

4o (Achiam et al., 2023), Claude-3.5-Sonnet (An- 422

thropic, 2025a), Claude-3.7-Sonnet (Anthropic, 423

2025b)), (2) fifteen representative open-source 424

models, and (3) six existing collaboration meth- 425

ods, our approach demonstrates consistent and sub- 426
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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-427

sions. For example, our SMCS framework achieves428

76.78% average accuracy on eight benchmarks,429

representing substantial gains of +11.12% and430

+17.12% over the average closed-source (65.66%)431

and open-source (59.66%) baselines, respectively.432

Compared to existing collaboration approaches,433

SMCS outperforms Symbolic-MoE* (Chen et al.,434

2025) by +5.14%, MoA (Wang et al., 2024a) by435

+6.27%, Self-MoA (Li et al., 2025) by +4.6%. Re-436

markably, our solution even exceeds open-source437

upper bounds (+2.86%), while significantly sur-438

passing individual leading models, including GPT-439

4.1 (+5.36%), GPT-4o (+17.60%), and Claude-3.5-440

Sonnet (+12.73%). It demonstrates that SMCS can441

effectively combine the strengths of multiple LLMs442

to achieve unprecedented performance.443

4.3 Efficiency Analysis444

Although SMCS focuses on exploring the maxi-445

mum performance boundary of multi-LLM collab-446

oration rather than optimizing efficiency, we fur-447

ther report the API cost and average query latency448

of multi-LLM methods and leading closed-source449

LLMs. As shown in Table 2, SMCS achieves re-450

markable performance superiority, e.g., +5.14%451

and +5.28% compared with Symbolic-MoE and452

GPT-o3-mini, with a competitive cost and infer-453

ence time. It verifies the feasibility and economy454

of SMCS in practical implementation. The effi-455

ciency of SMCS comes from 1) APIs of mid-sized456

open-source LLMs are dramatically cheaper than457

closed-source LLMs; 2) Although SMCS requires458

more LLM forward passes, most of these forward459

passes, e.g., the inferences of different referencers460

and aggregating multiple times, are independent461

and can be parallelized, making the overall infer-462

ence time only determined by the slowest LLM.463

4.4 Scaling Ability464

To empirically validate the scalability of SMCS465

framework, we conducted experiments measuring466

Method/Model Avg Acc(%) Cost($) Avg Latency(s)
GPT-o3-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 AIME MBPP GPQA-Diamond MedMCQA
Single(MMLU-PRO) 73.33 82.2 64.14 75.17
Unified(Eight Datasets) 73.33 82.80 65.15 75.75
w/o Question Bank(Random Select) 56.67 82.20 56.56 74.25

Table 3: Comparison with different question banks.

performance improvements with increasing num- 467

bers of input LLMs. Fig. 4 shows key findings 468

across four standard benchmarks, revealing a clear 469

positive correlation between the scale of input 470

LLMs and overall performance. For instance, on 471

MMLU-PRO, our SMCS achieves approximately 472

77% accuracy with five LLMs. When scaled to 473

ten LLMs, performance improves to nearly 80%, 474

and with 15 LLMs, the final accuracy approaches 475

82%. It not only demonstrates the capability of 476

SMCS to leverage diverse LLMs effectively but 477

also shows that SMCS has the potential to obtain 478

sustainable performance gains as the number of 479

LLMs continually scales up. 480

4.5 Out-of-Distribution Performance 481

To demonstrate the generalization of the proposed 482

prior selection, we conduct out-of-distribution re- 483

trieval experiments. Specifically, we build a ques- 484

tion bank using 5,512 questions only from MMLU- 485

PRO and evaluate SMCS on the other four datasets. 486

As shown in Table 3, the results demonstrate 487

that even with a question bank using an out-of- 488

distribution dataset, our retrieval-based prior se- 489

lection surpasses random selection significantly, 490

while with only marginal performance drops com- 491

pared with using a multi-dataset question bank. It 492

verifies the strong generalization of our prior se- 493

lection mechanism when facing out-of-distribution 494

questions. Moreover, SMCS can introduce more 495

diverse questions to further refine LLM capability 496

assessments and boost performance. 497
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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 Selection498

As shown in Fig. 5, we display the proportion of499

support questions retrieved from different source500

datasets. For a given question, the retrieved support501

questions are mostly from subjects with similar ca-502

pability requirements. Specifically, a substantial503

portion of the support questions are retrieved from504

the same dataset as the given question, while oth-505

ers are from other datasets with similar subjects.506

For instance, in the case of MATH, nearly half507

of the retrieved support questions are from AIME,508

and for MedMCQA, several are retrieved from the509

"Health" category in MMLU-PRO. It not only ver-510

ifies the effectiveness of our proposed method in511

bridging the given question with relevant prior in-512

formation but also demonstrates its ability to per-513

form cross-dataset retrieval. This capability sig-514

nificantly increases the amount of relevant prior515

information, enhancing model assessment and sug-516

gesting a potential for scalability. Additionally, we517

observe a retrieval connection between mathemat-518

ics and code-generation tasks, e.g., LiveCodeBench519

and AIME retrieve questions from each other, indi-520

cating that solving coding and mathematical prob-521

lems may require similar capabilities. Moreover,522

to verify the correlation between prior LLM eval-523

uation and practical performance, we introduce524

a pairwise ranking score inspired by the ranking525

loss (Hu et al., 2021; Xu et al., 2021) in Neural526

Architecture Search (NAS), denoted as527

Scorank =

∑
i∈Itest

∑
j∈P

∑
k∈N

1{V ref
i [j] > V ref

i [k]}∑
i∈Itest

|{j|V test
i [j] = 0}| · |{k|V test[k] = 1}|

, (8)528

where Itest is the index of test questions, V ref
i is529

the LLM prior vector in Formulation 4 for ith test530

question. V test
i ∈ {0, 1}R represents the correct-531

ness of all LLMs on the test set, where R is the532

number of LLMs, 0 and 1 indicate an incorrect and533

correct answer, respectively. As shown in Table 4,534

compared with Symbolic-MoE, our retrieval-based535

method consistently obtains a higher score, sug-536

gesting our method provides a more accurate prior537

evaluation of LLMs.538

MATH MBPP MedMCQA LiveCodeBench AIME
Symbolic-MoE 73.54 70.2 64.62 48.64 60.64

SMCS(ours) 74.46 70.61 65.17 68.19 86.5

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 539

To verify the effectiveness of the proposed posterior 540

exploration and exploitation, we analyze the pro- 541

portion of correct answers within multiple aggrega- 542

tion responses using different strategies, including 543

the proposed prior drop, random drop, and vallina 544

aggregating without drop. We use the existing one 545

correct answer proportion (OCA) and the exist- 546

ing multiple correct answers proportion (MCA) to 547

indicate the diversity and quality of multiple aggre- 548

gating responses, respectively. As shown in Fig. 6, 549

compared with aggregating without drop and ran- 550

dom drop, our method can consistently obtain both 551

higher OCA and MCA, suggesting our method can 552

explore a more optimal output region by aggre- 553

gating multiple times. Thus, there are abundant 554

high-quality candidate responses for exploitation. 555

5 Conclusion 556

In this paper, to boost the scalability and perfor- 557

mance of multi-LLM collaboration systems, we 558

propose SMCS by prior selection and posterior 559

enhancement. Specifically, based on a unified ques- 560

tion bank, we propose a retrieval-based prior selec- 561

tion to select the optimal LLMs. Moreover, we pro- 562

pose an exploration–exploitation-driven posterior 563

enhancement, which aggregates references multi- 564

ple times based on prior information to explore 565

high-quality responses. To select the final output, 566

we propose a hybrid score that combines perplexity 567

and mean pairwise similarity. Extensive experi- 568

ments demonstrate the effectiveness of SMCS. 569
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Limitations570

In this section, we discuss the limitations of the571

proposed SMCS to provide an underlying advance572

in the field of multi-LLM collaboration systems573

and to point out promising directions for future574

research.575

Lack of Efficiency Optimization. To maximize576

performance upper bounds, SMCS framework does577

not set constraints on the computational cost of se-578

lected LLMs. Thus, the system requires sufficient579

computational resources and inference time, mak-580

ing it hard to deploy on resource-constrained edge581

devices. A promising direction for future work is to582

design multi-LLM systems that optimally balance583

performance and efficiency.584

Lack of Optimization in Inference Configura-585

tion. In SMCS, all LLMs are queried using the586

same sampling parameters and prompts. However,587

a uniform configuration may not be optimal for het-588

erogeneous LLMs within the system. A potential589

future direction is to tailor prompts and configura-590

tions for each LLM individually, which can maxi-591

mize their capabilities and improve overall system592

performance.593
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A Appendix839

A.1 Dataset Details840

In the experimental section, we evaluate our pro-841

posed SMCS framework across eight diverse bench-842

marks spanning mathematical reasoning, complex843

question answering, instruction following, and844

code generation tasks. Specifically, we construct845

a balanced test set of 1,196 college-level multidis-846

ciplinary questions in MMLU-Pro (Wang et al.,847

2024b) through stratified sampling from the orig-848

inal test set, with 5,512 remaining questions allo-849

cated to validation. For GPQA (Rein et al., 2024),850

the diamond subset (graduate-level science ques-851

tions) serves as our test set, while the remain-852

ing data forms the validation set. For MedM-853

CQA (Pal et al., 2022), 1,200 medical professional854

questions are randomly selected for testing, with855

1,000 questions reserved for validation. MATH-856

500 (Hendrycks et al., 2021) subset is used for857

testing, complemented by 1,000 randomly sam-858

pled validation questions from the original dataset.859

We employ AIME2024 (MAA, 2024) as our test860

set and historical problems (1983-2023) for valida-861

tion. For IFEval (Zhou et al., 2023) dataset, 300862

instruction-following instances are randomly se-863

lected for testing, with 241 instances for validation.864

The original test set of MBPP (Austin et al., 2021)865

is preserved for evaluation, while the training and866

validation sets are combined to form validation.867

LiveCodeBench (Jain et al., 2024) v5 serves as test868

set, with v6 reserved for validation purposes.869

A.2 LLM Bank Details870

To achieve an optimal balance between model871

diversity and computational efficiency, we872

carefully curate a collection of 15 mid-sized open-873

source LLMs (from 20B to 72B) from various874

architectural families. Specifically, the selected875

LLMs include: Qwen2.5-32B-Instruct (Team,876

2024b), Qwen-2.5-72B-Instruct (Team, 2024b),877

Qwen2.5-Coder-32B-Instruct (Hui et al., 2024),878

Qwen3-32B (Team, 2025), GLM-Z1-32B-879

0414 (GLM et al., 2024), DeepSeek-R1-Distill-880

Qwen-32B (DeepSeek-AI, 2025), DeepSeek-881

R1-Distill-Llama-70B (DeepSeek-AI, 2025),882

QwQ-32B (Team, 2024c), Gemma-3-27b-it (Team883

et al., 2024), TeleChat2-35B-32K (Wang et al.,884

2024c), InternLM2.5-20B-Chat (Cai et al., 2024),885

Llama-3.3-70B-Instruct (Grattafiori et al., 2024),886

Llama-3.3-Nemotron-Super-49B-v1 (Bercovich887

et al., 2025), HuatuoGPT-o1-72B (Chen et al.,888

2024b), EXAONE-Deep-32B (LG AI Research, 889

2025). As shown in Table 5, our selection en- 890

compasses: (1) instruction-tuned variants, and (2) 891

deep thinking models. This strategic composition 892

ensures comprehensive coverage of different 893

capabilities while maintaining manageable 894

computational requirements. 895

Name Size Type
GLM-Z1-32B-0414 (GLM et al., 2024) 32B Deep Thinking
Qwen-2.5-72B-Instruct (Team, 2024b) 72B Instruction-tuned
DeepSeek-R1-Distill-Llama-70B (DeepSeek-AI, 2025) 70B Deep Thinking
QwQ-32B (Team, 2024c) 32B Deep Thinking
Gemma-3-27b-it (Team et al., 2024) 27B Instruction-tuned
Qwen2.5-32b-Instruct (Team, 2024a) 32B Instruction-tuned
TeleChat2-35B-32K (Wang et al., 2024c) 35B Instruction-tuned
Llama-3.3-70B-Instruct (Grattafiori et al., 2024) 70B Instruction-tuned
EXAONE-Deep-32B (LG AI Research, 2025) 32B Deep Thinking
Qwen2.5-Coder-32B-Instruct (Hui et al., 2024) 32B Instruction-tuned
Qwen3-32B (Team, 2025) 32B Deep Thinking
Llama-3.3-Nemotron-Super-49B-v1 (Grattafiori et al., 2024) 49B Deep Thinking
DeepSeek-R1-Distill-Qwen-32B (DeepSeek-AI, 2025) 32B Deep Thinking
HuatuoGPT-o1-72B (Chen et al., 2024b) 72B Deep Thinking
InternLM2.5-20B-Chat (Cai et al., 2024) 20B Instruction-tuned

Table 5: The details of the used LLM bank.

A.3 Implementation Details 896

Inference Configs. For a fair comparison, we 897

adopt the same inference configs for all experi- 898

ments. Specifically, we utilize VLLM (Kwon et al., 899

2023) as the framework for LLM inference. For 900

the sampling parameters of LLM inference, we set 901

the temperature to 0.7. The maximum length of 902

output tokens is 8,192 to avoid extremely long re- 903

sponses. We also set the presence penalty to 1.05 904

to avoid endless repetition. If the length of con- 905

text tokens exceeds the limitation of an LLM, the 906

YaRN (Peng et al., 2023) method is used to ex- 907

tend the context window. Moreover, we use Linq- 908

Embed-Mistral (Kim et al., 2024) as the embedding 909

model in all experiments, and the embedding di- 910

mension is 8,192. 911

Hyperparameters. For all SMCS experiments, 912

we use nearly the same hyperparameters to ensure 913

consistency and fair comparison. Specifically, we 914

set the number of referencers K as 7. The base 915

retrieval number N sup_base is 400 while the toler- 916

ance threshold coefficient γ = 0.95. The dropping 917

number Kdrop is 1. The number of aggregating 918

n = 8. The balance coefficient of PPL score λ 919

is 1.0. Compared Methods. In the experiment, 920

in addition to comparing the performance of sin- 921

gle LLMs, we also compared six popular multi- 922

LLMs collaboration methods, and the experimental 923

settings are as follows: Symbolic_MOE* (Chen 924

et al., 2025) retains its original model profiling and 925

LLM selection framework while employing Llama- 926

3.3-70B-Instruct for final response aggregation. 927
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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 as928

references, also utilizing Llama-3.3-70B-Instruct929

as the aggregator. For both Self-MoA (Li et al.,930

2025) and Self-Consistency (Chen et al., 2023b),931

we utilize each dataset’s best LLM to generate 8932

responses per query. Simple Router directly em-933

ploys the best-performing LLM from each dataset’s934

question bank for response generation. Majority935

Voting (Chen et al., 2024c) determines the final936

output through voting among 15 reference LLMs.937

A.4 Aggregator Selection938

In our SMCS framework, the aggregator plays a939

pivotal role in consolidating responses from mul-940

tiple LLMs to generate optimal outputs. To iden-941

tify the most effective aggregator, we conducted942

systematic experiments evaluating 6 LLMs as po-943

tential aggregators across five diverse benchmarks944

and the results are shown in Figure 7. Our anal-945

ysis revealed that Llama-3.3-70B-Instruct demon-946

strated consistently superior performance across947

all datasets, leading to its adoption as our default948

aggregator. In addition, two key insights emerged949

from this experiment: First, we observed a dissoci-950

ation between single-LLM performance and its ag-951

gregation capability on common benchmarks. For952

instance, while Qwen3-32B outperformed Llama-953

3.3-70B-Instruct by +8% on MMLU-PRO, the lat-954

ter showed significantly better aggregation perfor-955

mance (+4% over Qwen3-32B). (2) However, we956

also identified a positive correlation between single-957

LLM performance and aggregation capability on958

the IFEval benchmark. This correlation stems from959

IFEval’s focus on instruction-following tasks, sug-960

gesting that optimal aggregator selection should961

prioritize LLMs with strong instruction-following962

abilities to maximize MACS performance.963

A.5 Experiments on More Output Tokens 964

To further explore the potential of the proposed 965

SMCS with the existing open-source LLMs, we 966

only extend the maximum length of output to- 967

kens of referencers and aggregators from 8,192 968

to 32,768 while retaining the other experiment set- 969

tings for complex reasoning questions. For a fair 970

and accurate comparison, we also extend the max- 971

imum length of output tokens of other LLMs to 972

32,768. It is worth noting that because non-deep- 973

thinking LLMs respond to questions with fewer 974

output tokens (fewer than 8,192 tokens), we di- 975

rectly utilize the results with 8,192 output tokens 976

for non-deep-thinking LLMs as a comparison. Be- 977

sides, different from the experimental settings in 978

the manuscript, in coding tasks including MBPP 979

and LiveCodeBench, QwQ-32B is adopted as the 980

aggregator for better performance, while Llama- 981

3.3-70B-Instruct is utilized in other tasks. As 982

shown in Table 6, with more output tokens, SMCS 983

also maintains remarkable superiority compared 984

with other open-source and closed-source single 985

LLMs. Specifically, based on fifteen mid-sized 986

open-source LLMs, SMCS can surpass the flag- 987

ship closed-source LLMs GPT-4.1 by 9.59% and 988

GPT-o3-mini by 9.51%, respectively. Moreover, 989

under the setting of more output tokens, SMCS can 990

consistently break through the challenging open- 991

source upper bound by 4.68% and closed-source 992

upper bound by 6.27%, which demonstrates that 993

SMCS has the potential to push the upper bound of 994

intelligence using multi-LLM collaboration. 995

A.6 Statistical Analysis 996

To provide statements about statistical significance, 997

we conduct repetitive experiments on four datasets, 998

including LiveCodeBench, MMLU-Pro, GPQA- 999

Diamond, and MedMCQA. Each setting is run 1000
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Model AIME MATH-500 MBPP LiveCodeBench GPQA-Diamond MMLU-PRO IFEval MedMCQA Avg

Close-source LLMs
GPT-o3-mini(2025-01-31) (OpenAI, 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-4o(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) (OpenAI, 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 92.2 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-AI, 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 55.91
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 72.25 60.32
EXAONE-Deep-32B (LG AI 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-AI, 2025) 70.00 85.60 83.40 58.10 57.58 75.17 74.30 67.75 71.49
HuatuoGPT-o1-72B (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. GPT-4.1 ↑36.67 ↑8.70 ↑7.80 ↑23.45 ↓1.01 ↑1.18 ↑4.00 ↓4.08 ↑9.59
- v.s. GPT-o3-mini ↑13.34 ↑10.10 ↑25.00 ↑10.95 ↓0.51 ↑7.61 ↑8.00 ↑1.58 ↑9.51
- v.s. GPT-4o ↑76.67 ↑19.90 ↑12.80 ↑35.85 ↑13.63 ↑7.78 ↑7.70 ↑0.33 ↑21.83
- v.s. Claude-3.7-Sonnet ↑59.97 ↑21.30 ↑11.60 ↑24.35 ↑2.52 ↑12.18 ↑2.00 ↑1.75 ↑16.96

Table 6: Main Results on eight mainstream benchmarks using 32,768 maximum output tokens.

Datasets LiveCodeBench MMLU-PRO GPQA-Diamond MedMCQA
SMCS 52.17±0.46 82.05±0.13 64.81±0.58 75.69±0.42

Table 7: The statistical analysis of the proposed SMCS
on four datasets. Each setting is run three times under
different random seeds.

three times using the hyperparameters in A.3 un-1001

der different random seeds. As shown in Table 7,1002

SMCS achieves high mean performance across all1003

four datasets, comparable to the results in Table 1,1004

which demonstrates its ability to deliver consis-1005

tently strong performance. Furthermore, it can be1006

observed that the standard deviation of SMCS is1007

below 0.6, indicating its superior stability across1008

various settings.1009

A.7 Component Ablation1010

We perform a comprehensive component-wise ab-1011

lation study on four standard benchmarks to quan-1012

tify the contribution of each component in our1013

SMCS framework. As shown in Table 8, the base-1014

line achieves 79.60% accuracy on MMLU-PRO.1015

Adding the Major Similarity and RPS modules im-1016

proves performance by +0.67% and +1.5%, respec-1017

tively, reaching 81.43% when combined. Further1018

gains come from PPL Filtering and Prior Drop,1019

each contributing an additional +0.5%. Similar im-1020

provements are observed on MedMCQA, MATH,1021

and MBPP, confirming the effectiveness of each1022

component in enhancing multi-agent collaboration.1023

RPS MPS PPL Prior Drop MMLU-PRO MedMCQA MATH MBPP
✗ ✗ ✗ ✗ 79.60 73.08 87.8 82.00
✗ ✓ ✗ ✗ 80.27 74.00 90.00 82.2
✓ ✗ ✗ ✗ 81.10 75.08 91.80 82.40
✓ ✓ ✗ ✗ 81.43 75.16 91.80 82.40
✓ ✓ ✓ ✗ 81.52 75.42 92.40 82.60
✓ ✓ ✓ ✓ 82.02 75.75 92.60 82.80

Table 8: Component ablation on four standard datasets.
RPS: Retrieval-based Prior Selection; MPS: Mean Pair-
wise Similarity; PPL: Perplexity.

A.8 Prompts 1024

To maximize task-specific performance across 1025

diverse benchmarks, we developed customized 1026

prompt designs for each of the eight evaluation 1027

benchmarks, aligning with their distinctive charac- 1028

teristics, as illustrated in Fig. 8. In addition, we 1029

elaborated on the prompt design for the aggregator 1030

within our SMCS framework by drawing inspira- 1031

tion from the aggregator prompt strategy proposed 1032

in MOA (Wang et al., 2024a), as shown in Fig. 9. 1033
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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}."

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.{Response1}
2.{Response2}
... "
User Prompt: "Question: {question}."

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