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Abstract001

The burgeoning field of LLM-based Multi-002
Agent Systems (MAS) promises to tackle com-003
plex tasks through collaborative intelligence,004
yet fundamental questions regarding their scal-005
ing behavior and intrinsic collective dynamics006
remain underexplored. This paper systemat-007
ically investigates how the performance of a008
homogeneous MAS evolves as the number of009
agents increases, isolating the variable of col-010
laboration from model or knowledge hetero-011
geneity. We propose the Sequential Iterative012
Multi-Agent System (SIMAS) framework, a013
minimalist architecture centered on sequential014
inter-agent communication, to clearly observe015
scaling effects. Through extensive experiments016
across diverse tasks and model scales, we es-017
tablish that MAS performance does not scale018
monotonically with agent count but follows a019
pattern of diminishing returns, governed by a020
trade-off between collaborative synergy and co-021
ordination overhead. Our findings reveal that022
effective MAS requires a sufficiently capable023
base LLM, that task type critically modulates024
the optimal agent count, and that collective in-025
telligence is an emergent property contingent026
on strategic interaction design rather than a027
guaranteed outcome of agent plurality. This028
work provides a foundational understanding of029
MAS scaling laws, offering practical guidance030
for designing efficient collaborative systems031
and challenging the prevailing assumption that032
more agents invariably lead to better perfor-033
mance.034

1 Introduction035

In recent years, Large Language Models (LLMs)036

have demonstrated remarkable capabilities in text037

generation, complex reasoning, and decision-038

making, establishing themselves as the core foun-039

dation for constructing intelligent systems, often040

referred to as "agents". Though individual agent041

has exhibited excellent problem-solving ability in042

expansive fields with performance enhanced—for043

instance, through Chain-of-Thought (CoT) prompt- 044

ing (Wei et al., 2022) to elicit step-by-step reason- 045

ing, or by enabling models to leverage external 046

APIs via frameworks like Toolformer (Schick et al., 047

2023), however, many real-world challenges, such 048

as sophisticated software development or multi- 049

faceted problem-solving, inherently require col- 050

laborative efforts. This necessity has driven the 051

emergence of LLM-based Multi-Agent Systems 052

(MAS), a field that has rapidly evolved from early 053

exploratory frameworks to complex systems (Xi 054

et al., 2023; Luo et al., 2025), where multiple 055

agents interact to achieve common goals. 056

In MAS, collaboration enables agents to share 057

knowledge, assign specialized roles, and in- 058

tegrate their complementary strengths, thereby 059

tackling tasks beyond the scope of any single 060

agent—ranging from handling extensive contexts 061

(Zhang et al., 2025) to complex social simulations 062

(Qian et al., 2023). This vision is supported by a 063

growing series of frameworks: AutoGen (Wu et al., 064

2023) facilitates customizable agent conversations, 065

CAMEL (Li et al., 2023) explores role-playing for 066

idea exploration, and MetaGPT (Hong et al., 2023) 067

assigns standardized workflows to simulate a soft- 068

ware company. These systems often deploy agents 069

as "reasoning experts" or "fact-checkers" to boost 070

collective output. However, despite these engineer- 071

ing advances and recent efforts to probe the robust- 072

ness of agent communication (He et al., 2025), a 073

fundamental scientific understanding of MAS col- 074

lective behavior remains under-explored. First, in 075

order to isolate the scaling effects of collaboration 076

without the confounding variable of model hetero- 077

geneity, we ask: when all agents are built using 078

the same underlying language model, does increas- 079

ing the number of agents consistently improve the 080

system’s performance? Second, are there common 081

patterns in how these systems operate, regardless 082

of how they are designed? Third, how do the col- 083

laboration of MAS differ from the reasoning of a 084
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Figure 1: Workflow of the SIMAS. A group of n agents (a1, a2, ..., an), each configured with a distinct profile
(personality, core beliefs, expertise), engages in T rounds of sequential discussion. In each round, every agent
generates a response based on the progressively accumulated conversation history hi−1,t, which monotonically

expands to hn,t. After T rounds, the first agent a1 synthesizes the final output o from the complete history hn,T .

single agent?085

To provide a systematic analyisis of the scaling086

laws in collaboration of MAS, we establish a inves-087

tigation into how the performance of MAS evolves088

as the number of agents increases. We propose the089

Sequential Iterative Multi-Agent System (SIMAS)090

framework, which strips away scenario-specific091

components and retains only sequential inter-agent092

communication as its core mechanism. This de-093

sign minimizes architectural complexity, enabling094

clear observation of performance scaling with agent095

count and identification of general patterns in MAS.096

Through a rigorous comparison between MAS and097

single-agent baselines, we aim to quantitatively de-098

lineate the boundaries where collaboration yields099

positive returns versus where it introduces dimin-100

ishing returns.101

Our investigation yields several principal find-102

ings: Model capability is a prerequisite for effective103

MAS. We observe that only models above a certain104

performance threshold (typically larger-scale mod-105

els) can effectively power MAS. LLM-based MAS106

scalability is governed by a fundamental trade-107

off between collaborative synergy and coordina-108

tion overhead. This reframes the goal from "more109

agents" to "optimal number," highlighting that ex- 110

cessive collaboration can be detrimental, particu- 111

larly in reasoning-intensive tasks where focus and 112

coherence are critical. Collective intelligence in 113

MAS is an emergent property contingent on inter- 114

action architecture, not an automatic outcome of 115

agent plurality. Without strategic architectural de- 116

sign, an MAS risks achieving only the illusion of 117

collaboration while failing to surpass the capabili- 118

ties of a well-prompted individual. 119

2 Related Works 120

2.1 Architectures for Multi-Agent 121

Collaboration 122

The foundation of MAS lies in defining how agents 123

interact to extend the capabilities of individual 124

LLM. Early research focused on unstructured com- 125

municative frameworks. For instance, CAMEL 126

(Li et al., 2023) introduced "inception prompting" 127

to facilitate autonomous role-playing, demonstrat- 128

ing that distinct personas can guide solution explo- 129

ration. Building on this, AutoGen (Wu et al., 2023) 130

provided a flexible infrastructure allowing for arbi- 131

trary graph topologies, enabling dynamic conver- 132

sations between human and agent proxies. While 133
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these flexible frameworks encourage creativity, re-134

cent work has shifted towards structured collabora-135

tion to enhance reliability. MetaGPT (Hong et al.,136

2023) incorporates Standard Operating Procedures137

(SOPs) from human organizations, assigning rigid138

roles (e.g., Product Manager, Engineer) to stream-139

line complex workflows like software generation.140

Similarly, AgentVerse (Chen et al., 2023) and the141

recent Agent-Pro (Zhang et al., 2024b) introduce142

iterative optimization mechanisms, where agents143

engage in "reflect-and-refine" loops to correct er-144

rors dynamically.145

More recently, research has begun to address146

the specific limitations of LLMs through collab-147

oration. (Zhang et al., 2025) proposed Chain of148

Agents, which aggregates information across mul-149

tiple agents to handle long-context tasks that over-150

whelm single models. However, while these ar-151

chitectures demonstrate that collaboration can im-152

prove performance, they predominantly focus on153

engineering novel interaction patterns. They often154

overlook the fundamental scaling laws of these155

interactions: specifically, whether adding more156

agents consistently yields better results when the157

underlying model remains constant, a gap our study158

aims to address.159

2.2 Domain-Specialized Multi-Agent Systems160

Beyond general frameworks, significant research161

serves to adapt MAS to domain-specific constraints,162

utilizing specialized knowledge bases and verifi-163

cation tools. In software engineering, ChatDev164

(Qian et al., 2023) mimics the waterfall model of165

software development, proving that decomposing166

coding tasks into sequential sub-tasks significantly167

reduces bug rates compared to monolithic genera-168

tion. In scientific discovery, systems like SciAgents169

(Yang et al., 2024b) and VirSci (Fan et al., 2024)170

simulate academic review processes, leveraging171

the "wisdom of the crowd" to refine hypotheses.172

The medical and financial fields have seen similar173

adaptations; for example, Agent Hospital (Li et al.,174

2024) utilizes simulation-based training to improve175

diagnostic accuracy, while FinCon (Zhang et al.,176

2024a) employs adversarial debates to mitigate risk177

in financial decision-making.178

A critical analysis of these domain-specific179

works reveals a common trend: performance gains180

are often attributed to the injection of domain181

knowledge or tool use rather than the collective182

intelligence of the agents themselves. Furthermore,183

as highlighted in recent surveys (Luo et al., 2025),184

Symbol Definition

Q Input question space
q A specific input question instance (q ∈ Q)
A The set of agents {a1, a2, . . . , an}
n Total number of agents
T Total number of discussion rounds
H Conversation history space
hi,t Specific conversation history after agent ai in round t
Π Response generation function (LLM)
O Output space
o Final answer instance (o ∈ O)

Table 1: Notations used in the SIMAS framework.

these systems utilize heterogeneous agents (differ- 185

ent prompts/models), making it difficult to isolate 186

the source of improvement. Recent "Red-Teaming" 187

studies (He et al., 2025) have even suggested that 188

complex communication structures can introduce 189

new vulnerabilities or coordination overheads. Un- 190

like these application-driven studies, our work iso- 191

lates the variable of agent quantity within a con- 192

trolled, homogeneous environment. This allows us 193

to disentangle the benefits of collaboration from 194

the benefits of domain specialization, offering a 195

clearer view of the intrinsic scaling properties of 196

LLM-based MAS. 197

3 Methodology 198

3.1 Preliminaries 199

To provide a clear overview of our research ques- 200

tion, we first define the notations and the mathemat- 201

ical formulation of the Multi-Agent System (MAS). 202

The key symbols used throughout this paper are 203

listed in Table 1. 204

Definition 1 (Multi-Agent System Formulation). 205

The multi-agent systemM is formally defined as a 206

sextuple: 207

M = ⟨A,Q,H, T,Π,O⟩ 208

where A = {a1, a2, . . . , an} denotes the set of 209

agents, with n ∈ N+ representing the number of 210

agents; Q denotes the input question space; H 211

denotes the conversation history space; T ∈ N+ 212

denotes the number of discussion rounds; Π : H× 213

A → R denotes the response generation function, 214

where R is the response space; and O : H → A 215

denotes the final answer synthesis function. 216

3.2 The SIMAS Framework 217

Based on the formulation above, we designed a 218

specific implementation named Sequential Itera- 219

tive Multi-Agent-System (SIMAS). The process is 220
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Algorithm 1 Multi-Agent Collaborative Process

Require: Question q ∈ Q, agent set A, rounds T
Ensure: Final answer o

1: Initialize history h0 ← {q}
2: for round t = 1 to T do
3: for each agent ai ∈ A do
4: ri,t ← Π(hi−1,t, ai) ▷ Generate

response based on current history
5: hi,t ← hi−1,t ∪ {ri,t} ▷ Update

conversation history
6: end for
7: end for
8: return Π(hn,T , a1) ▷ First agent generates

final answer based on complete history

structured as follows: The discussion is conducted221

over T rounds (default 3 rounds). In each round,222

every agent generates a response based on the orig-223

inal question and the entire conversation history224

from all previous agents and rounds.225

Property 1 (Sequential Communication). The sys-226

tem employs sequential inter-agent communication227

within each round:228

∀t ∈ [1, T ], hn,t = h1,t ∪
n⋃

i=2

{Π(hi−1,t, ai)}229

Property 2 (Progressive History Accumulation).230

The conversation history grows monotonically in231

one round:232

∀t ∈ [1, T ], h1,t ⊂ h2,t ⊂ · · · ⊂ hn,t233

After all agents have responded in a round, the234

process repeats for the next round, ensuring each235

agent has multiple opportunities to contribute to236

the discussion. The final answer is synthesized by237

the first agent based on the complete conversation238

history. The whole process of our MAS can be239

seen in Alg. 1 and Figure 1.240

Definition 2 (System Output). For an input ques-241

tion q ∈ Q, the system output is defined as:242

o = fM(q) = Πoutput(hn,T , a1)243

where hn,T ∈ H represents the complete conversa-244

tion history after T rounds of discussion.245

3.3 Setting of Single Agent246

In this experiment, each agent ai ∈ A was driven247

by LLM and assigned descriptions, personalities,248

beliefs, and strengths, with the descriptions set as 249

"the i-th assistent in the group chat" and therefore 250

not considered as influencing factors. All agents 251

are powered by the same LLM, sharing identical 252

model parameters and knowledge base. To intro- 253

duce diversity in reasoning styles, each agent is 254

assigned a unique profile before the discussion be- 255

gins. 256

The profile consists of three attributes: personal- 257

ity, core beliefs, and expertise. Personality is a gen- 258

eral disposition (e.g., "Skeptical" or "Aggressive") 259

that guides the tone and focus of their reasoning, 260

expertise is a specific domain of knowledge (e.g., 261

"Data Interpretation" or "Logical Reasoning") they 262

are instructed to prioritize, and core beliefs are a 263

set of principles (e.g., "Precision outweighs speed") 264

that influence their approach to problem-solving. 265

These attributes are automatically generated by 266

the language model for each agent to simulate a 267

group of diverse experts. The specific configura- 268

tions used in our experiments are detailed in the 269

Appendix. 270

Definition 3 (Agent Configuration). Each agent 271

ai ∈ A is configured as a quadruple: 272

ai = ⟨LLM, di, pi, bi, ei⟩ 273

where LLM represents the underlying language 274

model (shared across all agents), di ∈ D denotes 275

the description, pi ∈ P denotes the personality 276

trait, bi ∈ B denotes the core beliefs, ei ∈ E de- 277

notes the expertise, with D,P,B, E representing 278

the respective attribute spaces. 279

Property 3 (Model Homogeneity). All agents 280

share the same underlying language model: 281

∀ai, aj ∈ A, LLM(ai) = LLM(aj) 282

Property 4 (Configuration Heterogeneity). Agents 283

achieve diversity through distinct configuration pa- 284

rameters: 285

∀ai, aj ∈ A, i ̸= j ⇒ (di, pi, bi) ̸= (dj , pj , bj) 286

4 Experiments 287

4.1 Experimental Setup 288

To systematically examine the scaling effects of 289

agent collaboration, we vary the number of agents 290

n from 1 to 8 in increments of 1. This granular 291

range allows us to capture the nuanced relation- 292

ship between team size and performance. Regard- 293

ing agent configurations, we established a baseline 294
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Figure 2: Result of models with small parameters on all
subjects

Figure 3: Result of models with large parameters on all
subjects

condition where agents possess personality traits,295

expertise, and beliefs.296

For performance evaluation, we employ three297

complementary benchmarks, each targeting dis-298

tinct cognitive capabilities: The Massive299

Multitask Language Understanding (MMLU)300

dataset (Hendrycks et al., 2021), covering 57 di-301

verse subjects across STEM, humanities, and social302

sciences, to assess general knowledge and broad303

reasoning capabilities. The E-KAR dataset (Luo304

et al., 2024), specifically designed for evaluating305

analogical reasoning through entity-based knowl-306

edge graph analogies. The AIME 2025 (Mathe-307

matical Association of America, 2025) competition308

problems, consisting of advanced mathematical rea-309

soning challenges, which we use in Section 5 to310

compare MAS against single-agent reasoning on311

highly complex tasks.312

From MMLU, we select six representative disci-313

plines (see Table 3) and sample 17 questions each314

to balance efficiency with robustness. Each experi-315

mental configuration is repeated three times, with316

results averaged to ensure stability.317

We employ two widely-used, open-source model318

families: Llama-3.1 (AI, 2024) and Qwen2.5 (Yang319

et al., 2024a). To understand the impact of model 320

scale, we use versions with 8B/7B and 70B/72B pa- 321

rameters from each family. These models provide 322

a strong baseline for general-purpose reasoning, al- 323

lowing for a clear analysis of multi-agent scaling 324

effects with balance of capabilities and generation 325

speed. 326

To isolate the contribution of each attribute, we 327

compare this baseline against four alternative con- 328

figurations: one lacking all three attributes, and 329

three configurations each removing exactly one 330

of the three attributes This structured ablation en- 331

ables us to analyze how each factor contributes to 332

system performance and stability. For these abla- 333

tion studies, we specifically use the Llama-3.1-70B 334

model with agent number n ∈ {2, 4, 6, 8}, chosen 335

to represent key points in the scaling range while 336

reducing experimental overhead. 337

4.2 Experimental Results and Analysis 338

To investigate the scaling behavior of MAS perfor- 339

mance A(Mn) with respect to agent count n, we 340

first establish a criterion to distinguish productive 341

collaboration from mere agent plurality. 342

Definition 4 (sufficiently driven). For a given task 343

T with evaluation metric A :M→ [0, 1] measur- 344

ing accuracy, let A(Mn) denote the accuracy of 345

the system with n agents. 346

Given a set of experimental conditions C held 347

constant,M is said to be sufficiently driven if and 348

only if: 349

∃ n1, n2 ∈ N, n1 ̸= n2, n1, n2 ≥ 2 350

351

A(Mn1) ≥ A(M1) and A(Mn2) ≥ A(M1) 352

where the comparison is performed under iden- 353

tical conditions C. 354

A system failing this condition exhibits mono- 355

tonic degradation, indicating an inability to lever- 356

age collaboration. Our experiments reveal this 357

state is intrinsically linked to base model capa- 358

bility, as small-scale models (7B/8B parameters) 359

consistently fail to meet this condition, showing 360

monotonic performance decay with increasing n 361

(Figure. 2). As for a sufficiently driven MAS, in- 362

tuitively, with more agents it should show better 363

performance for its adequate collaboration fully 364

utilizing model capability. But according to the 365

overall experimental results, the actual situation is 366

not the case. 367
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(a) Performance on Abstract Algebra (b) Performance on Philosophy (c) Performance on Formal Logic

Figure 4: Task-type modulation of scaling on Llama-3.1-70B. Reasoning tasks suffer sharp declines post-peak;
knowledge tasks show more tolerance.

Finding 1

If a MAS is sufficiently driven, the per-
formance will scale with diminishing re-
turns, following an inverted-U relation-
ship with agent count.

368

For sufficiently driven MAS, a clear scaling law369

emerges. Performance initially improves due to370

collaborative synergy—diverse perspectives and371

mutual error correction—but peaks at an optimal372

n∗. Beyond this point, coordination overhead, man-373

ifested as information redundancy and conflict-374

ing reasoning paths, dominates and causes per-375

formance to decline. This overhead is quantifi-376

able, with computational cost (token count) scaling377

quadratically with n within the SIMAS architec-378

ture, rendering large teams inefficient, as is shown379

in Figure 3, which presents the results of large-380

parameter models as well as the sufficiently driven381

SIMAS across all subjects, demonstrating the re-382

lationship between accuracy and token usage in383

MAS. The precise location of n∗ and the steepness384

of the decline are not universal but are modulated385

by several factors.386

To illustrate the impact of model scale, we com-387

pared the experimental results of large-parameter388

models and small-parameter models across all dis-389

ciplines, with a particular focus on the representa-390

tive case of College Physics for detailed analysis.391

Results are demonstrated in Figure 2 and 3. More392

detailed information is shown in the Appendix B.2.393

Finding 2

Model scale provides necessary condi-
tions for effective multi-agent collabora-
tion, but does not ensure stable perfor-
mance gains alone.

394

Crucially, comparing Figure 2 and Figure 3, it395

Figure 5: Model Type Impact on College Physics for
Models with Large Parameters

is obviously revealed that smaller models (7B/8B 396

parameters) proved fundamentally inadequate for 397

multi-agent collaboration, showing monotonic per- 398

formance degradation with additional agents, sug- 399

gesting a minimum capability threshold for effec- 400

tive multi-agent interactions. While larger mod- 401

els consistently outperformed their smaller coun- 402

terparts in absolute accuracy, this advantage did 403

not uniformly extend to stability metrics. The 404

Qwen2.5-72B model demonstrated also high sta- 405

bility, but in contrast, Llama-3.1-70B showed sig- 406

nificant volatility despite its parameter advantage, 407

with standard deviations reaching 17.32%, indi- 408

cating that scale alone cannot ensure consistent 409

multi-agent performance. (see Figure 8 and 9 in 410

Appendix B.2) 411

Finding 3

Task type dictates the optimal agent num-
ber size and tolerance for scaling.

412

We use the Llama-3.1-70B model for analyzing 413

the impact of task type. Figures 4a to 4c illustrate 414
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that the impact of agent scaling is fundamentally415

mediated by task characteristics. In logical reason-416

ing domains such as abstract algebra and formal417

logic, we observed consistent and substantial per-418

formance degradation as agent numbers increased,419

with accuracy dropping by 27.45% from 1 to 8420

agents. This degradation stems from the inherent421

sensitivity of logical reasoning chains to disrup-422

tions caused by information redundancy and incon-423

sistent reasoning paths across multiple agents. Con-424

versely, fact retrieval tasks like global facts and phi-425

losophy demonstrated more complex, non-linear426

patterns where initial performance declines could427

be partially mitigated through knowledge diversity428

at higher agent counts. Complete results across429

seven task types are provided in Appendix B.3.430

Finding 4

When the number of agents in MAS is
overly large, it will exhibit "pseudo sta-
bility" due to its poor performance.

431

We also analyze output stability across experimen-432

tal runs. Generally, stability decreases as agent433

count increases, reflecting the growing complex-434

ity and unpredictability of interactions. However,435

when the number of agents grows beyond a certain436

point, its stability may paradoxically improve, as437

shown in Figures 4a, 4b, and 4c—a state we term438

pseudo-stability. This occurs not due to robust col-439

laboration, but because the system has entered a440

regime of consistent failure.441

To showcase the impact of model type, we se-442

lect results of Llama3.1-70B and Qwen2.5-72B on443

College Physics for demonstration, as shown in Fig-444

ures 5. While the inverted-U pattern is consistent445

across model families, the specific n∗, peak per-446

formance, and output stability vary. This indicates447

that model architecture influences collaboration ef-448

ficiency beyond mere parameter count.449

Furthermore, ablation studies on agent profiles450

reveal that attributes like personality, belief, and451

expertise can shift absolute performance levels and452

stability metrics, but they do not alter the funda-453

mental inverted-U scaling law. This underscores454

that the law is governed by the interaction dynam-455

ics inherent to collaboration itself.The analysis is456

detailed in Appendix B.5457

5 Comparison with Reasoning458

We now benchmark our SIMAS framework against459

a strong single-agent baseline: CoT prompting.460

Figure 6: CoT vs. SIMAS on AIME 2025. SIMAS fails
catastrophically, highlighting its inadequacy for

complex, multi-step reasoning.

This baseline utilizes the same underlying LLM 461

to produce a step-by-step reasoning trace followed 462

by a final answer within a single, focused pass. 463

This comparison tests whether minimalist multi- 464

agent collaboration reliably outperforms focused, 465

single-agent reasoning from the same underlying 466

LLM. The concrete prompts are exhibited in Ap- 467

pendix C.1. 468

Finding 5

For reasoning tasks, the primary failure
mode of minimalist MAS is the fragmen-
tation of coherent thought.

469

On reasoning-intensive benchmarks such as ab- 470

stract algebra (Figure. 13a) and AIME 2025 (Fig- 471

ure. 6), CoT consistently matches or significantly 472

surpasses the best SIMAS configuration. The 473

performance gap widens with problem complex- 474

ity, with SIMAS failing catastrophically on the 475

challenging AIME problems. This failure mode 476

stems from the fragmentation of coherent reason- 477

ing chains across sequential agent turns without a 478

mechanism for synthesis and correction. In com- 479

plex, multi-step reasoning, maintaining a consis- 480

tent logical thread is crucial. In SIMAS, each agent 481

builds upon the incomplete and potentially diver- 482

gent outputs of its predecessors. Without a ded- 483

icated mechanism to synthesize these fragments 484

into a unified line of reasoning or to correct accu- 485

mulating errors and inconsistencies, the collective 486

output often becomes disjointed or drifts from the 487

correct solution path. 488

On open-ended generation (Figure 13c) and cod- 489

ing (Figure 7) tasks, results are mixed and model- 490

dependent. For instance, on coding tasks, Llama- 491

3.1-70B with SIMAS achieves a slight win-rate 492

edge (3 vs. 2 wins) and a marginally higher average 493

score (43.6 vs. 42.3), while Qwen2.5-72B shows 494
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Architecture Model GSM8K MATH (L1–L5) AIME 2024
Naive-CoT Qwen2.5-72B 75.13 77.65–63.68 10.0

Llama-3.1-70B 87.33 88.82–80.77 16.7
ReAct Qwen2.5-72B 52.76 35.88–28.21 3.3

Llama-3.1-70B 20.09 11.76–4.27 0.0
AutoGen Qwen2.5-72B 81.80 85.29–71.79 16.7

Llama-3.1-70B 85.21 92.94–82.48 20.0
Multi-Agent Debate Qwen2.5-72B 75.81 79.41–66.24 16.7

Llama-3.1-70B 90.82 92.94–85.90 20.0

Table 2: Performance comparison of different reasoning and collaboration architectures across mathematical
benchmarks. Results demonstrate that sophisticated multi-agent architectures (AutoGen, Debate) can surpass

single-agent CoT, while simpler paradigms (ReAct, SIMAS) struggle.

Figure 7: Win-rate and average score comparison on
coding tasks. SIMAS shows a model-dependent,

marginal advantage, highlighting inconsistent benefits
of simple collaboration.

the opposite trend, favoring CoT (3 vs. 2 wins), as495

shown in Figure 7. This model-dependent variance496

suggests that any benefit is fragile and not inher-497

ent to the MAS itself. The sequential turn-taking498

in SIMAS often disrupts the generative process,499

leading to fragmented and lower-quality outputs.500

The qualitative analysis of agent dialogues on the501

"Two Sum" coding problem reveals that these dis-502

cussions often converge on a viable solution early,503

then devolve into redundant discussion, illustrating504

inefficient collaboration. The evaluation protocol505

and more detailed information about case study are506

given in Appendix C.2, C.4 and Table 7.507

Finding 6

The value of multi-agent collaboration is
not automatic but is engineered through
specific interaction architectures.

508

The frequent underperformance of SIMAS versus509

CoT does not negate the potential of MAS, but510

it clarifies a critical precondition. Collective in-511

telligence is an emergent property of interaction512

architecture, not a guaranteed outcome of agent513

plurality alone. To substantiate this, we contrast 514

SIMAS with more sophisticated MAS architec- 515

tures from the literature. As summarized in Ta- 516

ble 2 (The data is from (Gu et al., 2025)), frame- 517

works like AutoGen (Wu et al., 2023) and Multi- 518

Agent Debate (Liang et al., 2023), which incor- 519

porate structured workflows, iterative refinement, 520

and critical evaluation loops, can surpass single- 521

agent CoT on challenging benchmarks like AIME, 522

as on AIME 2024 both AutoGen and Multi-Agent 523

Debate achieved 16.7–20.0% accuracy with Llama- 524

3.1-70B, surpassing the 16.7% of Naive-CoT, while 525

SIMAS, lacking such engineered interaction mech- 526

anisms, incurs the overhead of collaboration with- 527

out reliably capturing its synergistic benefits. This 528

comparison implies that the pursuit of collective 529

intelligence must be architectural, not merely nu- 530

merical. 531

6 Conclusion 532

This work systematically demonstrates that LLM- 533

based Multi-Agent System performance does not 534

scale linearly with agent count but exhibits a pattern 535

of diminishing returns. Effective collaboration first 536

requires a sufficiently capable base LLM. The opti- 537

mal number of agents is a critical design parameter, 538

heavily dependent on task type and model archi- 539

tecture, balancing synergy against overhead. Cru- 540

cially, collective intelligence is not an automatic 541

outcome of adding agents but an emergent prop- 542

erty contingent on deliberate interaction design. 543

Without architectural support for synthesis and re- 544

finement, multi-agent dialogue risks inefficiency. 545

Future MAS development must therefore priori- 546

tize designing adaptive, task-aware collaboration 547

protocols over simply increasing agent plurality. 548
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Limitations549

This study, while providing foundational insights550

into MAS scaling behavior, has several limitations551

that point to future research directions. First, our552

focus on homogeneous agents using a single LLM553

isolates collaboration effects but does not capture554

the heterogeneous model and tool use common in555

practical systems, where complementarity might556

alter scaling dynamics. Second, our minimalist557

SIMAS architecture, while clarifying first princi-558

ples, omits sophisticated coordination mechanisms559

(e.g., voting, dynamic workflows) that could mit-560

igate the overhead we observed and shift optimal561

agent counts. Third, our evaluation primarily uses562

closed-book QA benchmarks, which may not fully563

capture collaborative benefits in longitudinal, cre-564

ative, or tool-augmented tasks. Finally, scaling was565

tested only up to 8 agents; the dynamics of much566

larger collectives and their potential for novel emer-567

gent phenomena remain unexplored.568

Ethical Concerns569

This study focuses on the algorithmic and archi-570

tectural principles of multi-agent scaling, utilizing571

exclusively publicly available and widely-adopted572

benchmark datasets (e.g., MMLU, AIME, E-KAR).573

No sensitive personal data, simulated social dy-574

namics, or real-world decision-making scenarios575

are involved. The Sequential Iterative Multi-Agent576

System (SIMAS) framework is designed as a mini-577

malist research tool to investigate fundamental col-578

laboration dynamics, explicitly excluding applica-579

tions in opinion manipulation, autonomous action580

with real-world consequences, or the generation of581

deceptive content. All experimental interactions582

are confined to closed, controlled environments for583

problem-solving, and no user privacy information584

is stored in our codebase or logs; only aggregated585

performance metrics are reported. During the re-586

search process, AI assistants (including DeepSeek-587

R1) were employed as tools to aid in specific auxil-588

iary tasks such as brainstorming initial ideas, gen-589

erating code for experimental pipelines, polishing590

textual descriptions, and creating visualizations.591

We explicitly state that all core research ideas, ex-592

perimental design, data analysis, interpretation of593

results, and scientific conclusions were originated,594

critically evaluated, and decisively finalized by the595

human authors. The AI tools served strictly as596

supportive instruments, and every piece of their597

output was rigorously reviewed, validated, and of-598

ten substantially revised by the authors to ensure 599

correctness and alignment with the research objec- 600

tives. The primary ethical considerations—such 601

as potential reasoning bias, coherence fragmenta- 602

tion, or the amplification of base model errors—are 603

emergent properties stemming from the underly- 604

ing LLM capabilities and the chosen task prompts, 605

rather than inherent flaws of the SIMAS architec- 606

ture itself. Should the principles explored here 607

inform the design of future MAS deployed in open 608

or user-facing contexts, rigorous additional risk as- 609

sessment and governance mechanisms would be 610

mandatory, adhering strictly to established ethical 611

guidelines in AI research and development. 612
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ation by automatically creating agents with dis-755

tinct personalities and expertise based on specified756

quantities and role requirements. Its Group Chat757

Management orchestrates communication among758

agents, ensuring sequential contributions and main-759

taining discussion history for context-aware re-760

sponses. The Answer Evaluation functionality761

extracts the final answer from the last agent’s re-762

sponse after group chat completion and compares763

it with the ground truth to compute accuracy.764

The framework supports seamless switching be-765

tween different language models, enabling compar-766

ative experiments across models. This flexibility767

ensures robust evaluation of multi-agent system768

performance under varying configurations.769

B Supplementary Material for770

Experiments771

B.1 Agent Profile Generation and Examples772

Profiles were generated by prompting the base773

LLM with a template to create diverse sets of774

⟨personality, core belief, expertise⟩ triples. For775

a 4-agent team on a reasoning task, examples in-776

clude:777

Agent 1: ("Skeptical",778

"Precision outweighs speed",779

"Logical Verification")780

781

Agent 2: ("Creative",782

"Novel approaches are valuable",783

"Alternative Solution Generation")784

...785

B.2 Model-Scale Scaling Results on College786

Physics787

While larger models, such as Llama-3.1-70B (Fig-788

ure 8) and Qwen2.5-72B (Figure 9), achieved789

higher absolute accuracy than smaller models,790

their stability did not show a commensurate im-791

provement. A notable divergence was observed:792

Qwen2.5-72B maintained high stability, whereas793

Llama-3.1-70B, paradoxically, exhibited signifi-794

cant volatility (standard deviation: 17.32%) despite795

its larger scale. This indicates that increased model796

parameters alone are insufficient for ensuring con-797

sistent multi-agent performance.798

B.3 Full Task-Type Scaling Results799

Figures 10a to 10f illustrate that the impact of agent800

scaling is fundamentally mediated by task charac-801

teristics.802

Figure 8: Model Scale Impact of Llama 3.1 on College
Physics

Figure 9: Model Scale Impact of Qwen2.5 on College
Physics

The experimental results reveal distinct accuracy 803

patterns across task categories. In logical reason- 804

ing domains, performance trends were inconsistent. 805

For formal logic, accuracy declined substantially 806

from 58.82% (1 agent) to 25.49% (8 agents), a 807

drop of 33.33 percentage points. Abstract alge- 808

bra showed a similar overall decline from 52.94% 809

to 25.49%, though with intermediate fluctuations 810

(e.g., 45.10% at 3 agents). This degradation stems 811

from the inherent sensitivity of logical reasoning 812

chains to disruptions caused by information redun- 813

dancy and inconsistent reasoning paths across mul- 814

tiple agents. 815

Conversely, fact retrieval tasks demonstrated 816

varied patterns. The global_facts task showed low 817

but variable accuracy (13.73% to 33.33%), with no 818

clear monotonic trend relative to agent count. The 819

philosophy task maintained high accuracy overall 820

(94.12% with 1 agent) but experienced a significant 821

decline to 60.78% at 4 agents before partially re- 822
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(a) Performance on Abstract Algebra (b) Performance on Philosophy (c) Performance on Formal Logic

(d) Performance on Global Facts (e) Performance on E-kar
(f) Performance on College Computer

Science

Figure 10: Performance across different task types on Meta-Llama-3.1-70B.

Dataset/Discipline Task Type

Abstract Algebra Logical Reasoning
Formal Logic Logical Reasoning
Philosophy Fact Retrieval
Global Facts Fact Retrieval
College Physics Mixed
College Computer Science Mixed

E-KAR Analogical Reasoning

Table 3: Datasets and Task Characteristics

covering to 74.51% with 8 agents, suggesting that823

initial performance declines could be partially miti-824

gated through knowledge diversity at higher agent825

counts in some domains.826

Mixed-reasoning tasks exhibited complex, non-827

monotonic relationships with agent count. College828

physics accuracy fluctuated between 25.49% and829

50.98%, peaking at 7 agents. College computer830

science showed a decline from 56.86% (1 agent) to831

27.45% (8 agents), but with a local peak of 45.10%832

at 6 agents. For analogical-reasonng, the e-KAR833

task displayed high volatility, with accuracy drop-834

ping to 19.61% at both 3 and 7 agents.835

The analysis of experimental results, incorporat-836

ing standard deviation data, reveals distinct stability837

profiles across task types and agent counts.838

Global Facts, as a fact-retrieval task, shows839

generally low output variability for smaller agent840

groups, with standard deviations remaining at or841

below 7.34% for one to three agents. However, sta-842

bility degrades significantly at larger scales, with 843

standard deviations reaching 12.71% and 11.09% 844

for four and eight agents, respectively. This indi- 845

cates that while factual recall is robust in small- 846

group settings, coordination or consensus failures 847

in larger multi-agent systems can introduce sub- 848

stantial output inconsistency. 849

Formal Logic demonstrates a pronounced insta- 850

bility in its reasoning chains. While performance 851

with a single agent is perfectly stable (0.00% std), 852

the introduction of additional agents leads to high 853

variability, particularly at intermediate counts. A 854

standard deviation peak of 12.71% at five agents 855

confirms the inherent fragility of multi-step deduc- 856

tive processes in collaborative environments, where 857

minor reasoning divergences can amplify. 858

Abstract Algebra exhibits a distinct pattern 859

where instability is highest not at maximal agent 860

counts but at specific intermediate configurations. 861

Significant standard deviations of 9.61% are ob- 862

served for both two and four agents, suggesting that 863

certain group sizes may create ambiguous task de- 864

compositions or conflict in symbolic manipulation 865

strategies, leading to less deterministic outputs. 866

College Physics, a mixed-reasoning task, con- 867

firms a pattern of high instability at intermediate 868

collaboration scales. Standard deviations are high- 869

est (exceeding 12%) for two, three, and four agents, 870

indicating that integrating conceptual knowledge 871

with quantitative reasoning presents a critical coor- 872
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Figure 11: Model Type Impact on College Physics for
Models with Large Parameters

dination challenge. Stability does not consistently873

improve with more agents, as groups of six to eight874

maintain high variability ( 10% std).875

Philosophy, while achieving high accuracy,876

shows noteworthy variability in specific multi-877

agent settings. The standard deviation reaches878

10.00% for four agents, suggesting that tasks in-879

volving nuanced textual interpretation and argu-880

mentation are susceptible to diverging perspectives881

within a medium-sized group, even if larger groups882

(e.g., seven or eight agents) manage to reconverge883

on more stable outputs.884

College Computer Science presents a case of885

escalating instability with scale for this applied886

reasoning domain. Standard deviations show a gen-887

erally increasing trend, culminating in a high of888

12.71% for seven agents. This indicates that col-889

laborative problem-solving on complex, structured890

tasks may suffer from accumulating integration er-891

rors or conflicting solution approaches as the num-892

ber of contributing agents grows.893

E-KAR demonstrates that instability is not894

monotonic with agent count. High standard de-895

viations of 11.09% and 10.00% for two and three896

agents, respectively, drop to 0.00% for five agents897

before rising again. This non-linear pattern sug-898

gests the existence of specific, potentially task-899

dependent, agent group sizes that can either miti-900

gate or exacerbate variability in decision-making901

or pattern recognition tasks.902

B.4 Model-Type Scaling Results on College903

Physics904

Our cross-model comparison reveals that scaling905

behavior is strongly mediated by model architec-906

Figure 12: Model Type Impact on College Physics for
Models with Small Parameters

tural differences. The Qwen2.5 series demon- 907

strated consistently better adaptation to multi- 908

agent collaboration, achieving earlier performance 909

peaks (optimal at 2 agents for Qwen2.5-72B ver- 910

sus 4 agents for Llama-3.1-70B) and maintain- 911

ing higher accuracy levels despite agent scaling. 912

This advantage manifested through multiple dimen- 913

sions: Qwen2.5 models maintained superior perfor- 914

mance retention (86.27% peak versus 60.78% for 915

Llama-3.1), exhibited more stable output patterns 916

(lower standard deviations across agent counts), 917

and demonstrated better resilience to performance 918

degradation at higher agent counts. The architec- 919

tural advantages appear to stem from better com- 920

plex instruction understanding and iterative reason- 921

ing capabilities, enabling more effective informa- 922

tion processing in multi-round agent interactions. 923

This finding emphasizes that model selection can- 924

not be separated from multi-agent system design, as 925

inherent architectural characteristics fundamentally 926

shape collaboration dynamics and scaling potential. 927

B.5 Agent Configuration Ablation Study 928

Finding 1

Agent setting modifications preserve scal-
ing trends but induce performance shifts
dependent on discipline and model.

929

Our experiments reveal that the scaling pattern 930

of MAS—where performance initially improves 931

with more agents but declines beyond an optimal 932

point—remains consistent regardless of agent set- 933

ting modifications. However, the removal of at- 934

tributes leads to measurable performance shifts 935
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Accuracy Difference (ALL - Ablation) Std Dev Difference (ALL - Ablation)

Subject-Model Belief Personality Expertise Belief Personality Expertise

Abstract Algebra
Llama3.1 +9.31 ↑↑ +10.78 ↑↑ +12.50 ↑↑ +2.95 ↑ -1.97 ↓ +1.27 ↑
Qwen2.5 -13.73 ↓↓ +0.98 → -4.17 ↓ +3.68 ↑ -1.99 ↓ +3.27 ↑

College CS
Llama3.1 +2.57 ↑ +18.75 ↑↑ +4.84 ↑ -3.36 ↓ -2.20 ↓ -0.33 ↓
Qwen2.5 -5.16 ↓ -1.24 ↓ +0.40 → +2.95 ↑ +0.50 ↑ -8.16 ↓↓

College Physics
Llama3.1 +7.81 ↑ +16.64 ↑↑ +4.16 ↑ +0.74 ↑ +1.90 ↑ -1.95 ↓
Qwen2.5 -10.29 ↓ -0.98 ↓ -4.66 ↓ +2.04 ↑ +1.35 ↑ +1.57 ↑

Formal Logic
Llama3.1 +0.49 → +8.83 ↑ -2.82 ↓ +7.63 ↑↑ +3.58 ↑ -2.44 ↓
Qwen2.5 -6.37 ↓ +1.47 ↑ -3.92 ↓ +2.26 ↑ +0.94 ↑ -0.40 ↓

Global Facts
Llama3.1 +3.43 ↑ +11.27 ↑↑ +8.43 ↑ +0.34 → +3.61 ↑ -1.00 ↓
Qwen2.5 +1.96 ↑ +4.41 ↑ +1.72 ↑ +14.95 ↑↑ +9.76 ↑↑ -4.15 ↓↓

Philosophy
Llama3.1 -21.57 ↓↓ +15.20 ↑↑ -10.09 ↓ +4.59 ↑ +0.05 → +4.99 ↑
Qwen2.5 -23.79 ↓↓ +1.22 ↑ -11.86 ↓ +1.77 ↑ -3.34 ↓ +0.63 ↑

Table 4: Performance Impact of Different Agent Attributes (ALL Mode vs Ablation Modes). Accuracy Difference = ALL
Mode - Ablation Mode; Std Dev Difference = ALL Mode - Ablation Mode. Positive accuracy difference indicates the attribute

improves performance. Positive std dev difference indicates the attribute increases instability.
Symbols: ↑↑: significant positive effect (> |5| for accuracy, > |5| for std dev), ↑: positive effect, →: minimal effect (< |2|), ↓:

negative effect, ↓↓: significant negative effect (> |5| for accuracy, > |5| for std dev).

that are highly dependent on the task discipline936

and model type. For instance, in abstract algebra937

with Llama-3.1-8B, removing personality attributes938

reduced accuracy by an average of 13.58%, while939

in philosophy with the same model, it caused a940

drastic accuracy drop of 21.57%. Conversely, with941

Qwen2.5-7B, personality removal had minimal im-942

pact on accuracy (average +0.98%) but increased943

instability. Similarly, belief removal exacerbated944

performance declines in philosophy for both mod-945

els (up to -23.79% for Qwen2.5-7B) but improved946

accuracy in some technical disciplines like college947

physics for Llama-3.1-8B (+7.81%). This find-948

ing underscores that while agent settings do not949

change the fundamental scaling dynamics, they in-950

troduce discipline-specific and model-dependent951

performance variations, necessitating tailored con-952

figurations for optimal results.953

Finding 2

Specific agent attributes have distinct im-
pacts: personality enhances accuracy at
the cost of stability, beliefs introduce task-
dependent biases which can degrade per-
formance, and expertise yields mixed,
model-specific effects.

954

Detailed analysis of individual attributes re- 955

veals distinct impacts on system performance. 956

Personality attributes generally boost accu- 957

racy—particularly for models like Llama-3.1-8B, 958

where they improved accuracy by an average of 959

13.58 percentage points across disciplines—by fos- 960

tering diverse perspectives and critical thinking. 961

However, this came at the cost of reduced stabil- 962

ity, as personality increased standard deviations by 963

an average of 0.83% for Llama-3.1-8B and 1.20% 964

for Qwen2.5-7B, due to increased behavioral vari- 965

ability and conflict. Belief attributes, while po- 966

tentially guiding reasoning in logical tasks (e.g., 967

+9.31% in abstract algebra for Llama-3.1-8B), of- 968

ten introduced instability and performance degra- 969

dation in subjective disciplines like philosophy (ac- 970

curacy drops up to -23.79% for Qwen2.5-7B), as 971

beliefs exacerbated disagreements among agents. 972

Expertise attributes showed model-dependent ef- 973

fects: they benefited Llama-3.1-8B in technical dis- 974

ciplines (e.g., +12.50% in abstract algebra) but hin- 975

dered Qwen2.5-7B in abstract tasks (e.g., -4.17% 976

in philosophy), indicating that expertise can either 977

focus reasoning or constrain flexibility based on 978

model architecture. These findings emphasize that 979

agent settings must be carefully tuned, with per- 980

sonality suitable for accuracy-critical tasks, beliefs 981
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used cautiously in objective domains, and exper-982

tise aligned with model strengths to balance perfor-983

mance and stability.984

In summary, agent settings play a crucial role in985

fine-tuning multi-agent system performance, but986

their effects are nuanced and context-dependent.987

System designers should prioritize attribute config-988

uration based on task characteristics and model ca-989

pabilities, leveraging attributes like personality for990

accuracy gains in reasoning-intensive tasks while991

mitigating stability risks through iterative testing992

and calibration.993

C Supplementary Material for994

Comparison995

C.1 CoT Prompts996

This section details the three Chain-of-Thought997

(CoT) prompt templates used in our experiments.998

The placeholders (e.g., {problem.question}) are999

replaced with concrete content during execution.1000

1. Simple CoT1001

This template guides the model to produce1002

step-by-step reasoning followed by a structured1003

final answer, suitable for objective questions (e.g.,1004

multiple-choice, short-answer).1005
1006

1 You are {self.name}. Please solve the following1007
problem in a reasoning manner.1008

2 {message.content}1009
31010
4 Please structure your response as (without ’[]’1011

in your response):1012
5 ### Reasoning1013
6 [Your reasoning process for arriving at the1014

final answer, including any calculations or1015
logical deductions]1016

71017
8 ### Answer1018
9 [Your final answer for the given problem in1019

accordance with the required form, such as1020
{"A, B, C, or D for a multiple-choice1021
question" if self.question_type == ’1022
multiple_choice’ else "direct answer like1023
’100’ for a short-answer question"}, without1024
any explanation]10251026

Listing 1: Simple CoT prompt template.

2. Coding CoT1027

This template instructs the model to analyze a1028

coding problem step-by-step and provide a com-1029

plete, efficient solution with code.1030
1031

1 Please solve the following coding problem. Use1032
step-by-step reasoning and provide a1033
complete, efficient code solution.1034

21035
3 Problem:1036
4 {problem.question}1037
51038

6 Programming language: {language} 1039
7 Constraints: 1040
8 {constraints_str} 1041
9 1042

10 Your solution should: 1043
11 - Fully satisfy the problem requirements 1044
12 - Be clear and readable 1045
13 - Be efficient and correct 1046
14 - Include necessary comments 1047
15 1048
16 Please organize your response as follows: 1049
17 ### Reasoning Process 1050
18 [Your analysis] 1051
19 1052
20 ### Final Code 1053
21 [Complete code solution] 10541055

Listing 2: Coding CoT prompt template.

3. Open-ended CoT 1056

This template prompts the model for a compre- 1057

hensive and insightful analysis of open-ended ques- 1058

tions, guided by specific evaluation criteria. 1059
1060

1 Please analyze the following open-ended question 1061
in depth. Use step-by-step reasoning and 1062
provide a comprehensive and insightful 1063
response. 1064

2 1065
3 Question: 1066
4 {problem.question} 1067
5 1068
6 Evaluation criteria: 1069
7 {criteria_str} 1070
8 1071
9 Your response should: 1072

10 - Be thorough and insightful 1073
11 - Be well-structured 1074
12 - Demonstrate innovation and practicality 1075
13 - Align with the evaluation criteria 1076
14 1077
15 Please organize your response as follows: 1078
16 ### Reasoning Process 1079
17 [Your analysis] 1080
18 1081
19 ### Final Answer 1082
20 [A direct and comprehensive answer to the 1083

question] 10841085

Listing 3: Open-ended CoT prompt template.

C.2 Evaluation Protocol for Generation Tasks 1086

The dataset comprises a custom collection of 10 1087

coding problems and 15 open-ended questions. 1088

The coding problems involve 5 algorithmic prob- 1089

lems and 5 complex software development projects 1090

that go beyond simple algorithmic implementation, 1091

while the open-ended questions pertain to prod- 1092

uct ideation and solutions for societal issues. The 1093

evaluation of results is entrusted to a dedicated 1094

assessment agent. This agent scores the Chain-of- 1095

Thought reasoning and SIMAS responses against 1096

predefined criteria for each problem. Based on 1097

the scores, it determines which approach prevails 1098
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on a given question and provides a justification1099

for its judgment. Figure 13d shows the results of1100

experiments tested on the 5 complex software de-1101

velopment projects, and Figure 13c shows that on1102

the 15 open-ended questions. Examples from the1103

dataset are provided in Table 5 and 6. The prompt1104

is shown in List 4:1105

1106
1 As a professional evaluation expert, please1107

compare two AI-generated responses to the1108
same problem.1109

21110
3 Problem:1111
4 {problem}1112
51113
6 Response A (generated by {method_a}):1114
7 {answer_a}1115
81116
9 Response B (generated by {method_b}):1117

10 {answer_b}1118
111119
12 Evaluation criteria (each criterion scored 1-10)1120

:1121
13 {criteria_str}1122
141123
15 Instructions:1124
16 1. Evaluate each response on every criterion1125

separately1126
17 2. Compare the strengths and weaknesses of both1127

responses1128
18 3. Indicate which response is better and provide1129

detailed reasoning1130
191131
20 Return the results in the following JSON format:1132
21 {1133
22 "response_a_scores": {1134
23 "total": X,1135
24 "criteria": {1136
25 "criterion1": {"score": X, "reason":1137

"..."},1138
26 ...1139
27 }1140
28 },1141
29 "response_b_scores": {1142
30 "total": X,1143
31 "criteria": {1144
32 "criterion1": {"score": X, "reason":1145

"..."},1146
33 ...1147
34 }1148
35 },1149
36 "comparison": {1150
37 "winner": "A" or "B" or "tie",1151
38 "reason": "...",1152
39 "key_differences": ["...", "..."],1153
40 "potential_synergy": "..."1154
41 }1155
42 }1156
431157
44 Please ensure the evaluation is fair, objective,1158

and based solely on the content of the1159
responses, not the generation method.1160

45 Ensure the response contains only valid JSON1161
format with no additional text or symbols.11621163

Listing 4: Open-ended CoT prompt template.

C.3 Full Comaprison Results 1164

On reasoning-intensive domains such as abstract 1165

algebra and advanced mathematics, where our 1166

SIMAS framework lacks corrective mechanisms, 1167

single-agent reasoning demonstrates clear superi- 1168

ority. As shown in Figure 13a, for abstract alge- 1169

bra, the CoT baseline consistently outperformed 1170

the best-performing SIMAS configuration. This 1171

gap escalates into a decisive failure for SIMAS on 1172

AIME 2025 (Figure 13b), where it fragments logi- 1173

cal chains without a means to reintegrate them. The 1174

results on open-ended creative tasks (Figure 13c) 1175

are similarly unequivocal: single-agent reasoning 1176

vastly outperformed SIMAS, as narrative coher- 1177

ence is shattered by unmoderated multi-agent turn- 1178

taking. 1179

The coding task (Figure 13d) and open-ended 1180

task (Figure 13c) domains present a more contested 1181

picture for SIMAS, with marginal gains for Llama- 1182

3.1-70B on coding and Qwen-2.5-72B on open- 1183

ended tasks. The dataset comprises a custom col- 1184

lection of 5 coding problems and 15 open-ended 1185

questions. The coding problems involve complex 1186

software development projects that go beyond sim- 1187

ple algorithmic implementation, while the open- 1188

ended questions pertain to product ideation and so- 1189

lutions for societal issues. The evaluation of results 1190

is entrusted to a dedicated assessment agent. This 1191

agent scores the Chain-of-Thought reasoning and 1192

SIMAS responses against predefined criteria for 1193

each problem. Based on the scores, it determines 1194

which approach prevails on a given question and 1195

provides a justification for its judgment. Examples 1196

from the dataset are provided in the Appendix. 1197

The results suggest that even a simple sequen- 1198

tial architecture can sometimes add value for tasks 1199

benefiting from multi-perspective validation. How- 1200

ever, the qualitative analysis of agent conversa- 1201

tions reveals the inefficiency of this gain. A case 1202

study of a discussion on the “Two Sum” problem 1203

showed early convergence on the optimal solution, 1204

followed by rounds of redundant meta-discussion 1205

and unproductive speculation on inferior alterna- 1206

tives. The final output was functionally identical 1207

to the initial proposal. This pattern illustrates that 1208

without an architecture designed to synthesize, cri- 1209

tique, and refine efficiently, multi-agent dialogue 1210

often devolves into low-value redundancy, con- 1211

suming context window capacity without generat- 1212

ing synergistic insight. The marginal win comes at 1213

a disproportionately high computational cost and is 1214
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(a) CoT vs. SIMAS on Abstract Algebra (Llama-3.1-70B).
CoT consistently outperforms all multi-agent configurations.

(b) CoT vs. SIMAS on AIME 2025. SIMAS fails
catastrophically, highlighting its inadequacy for complex,

multi-step reasoning.

(c) Win-rate and average score comparison on open-ended
tasks. Results varies depending on model type.

(d) Win-rate comparison on coding tasks. SIMAS shows a
model-dependent, marginal advantage, highlighting

inconsistent benefits of simple collaboration.

not reliably generalizable across models, as shown1215

by Qwen2.5-72B’s preference for CoT on coding1216

tasks.1217

C.4 Case Study: Dialogue Transcript1218

To illustrate the inefficiencies that can arise in un-1219

structured multi-agent dialogue, we present an ex-1220

cerpt from a SIMAS discussion on the classic “Two1221

Sum” coding problem. The task requires finding1222

two indices in an array whose values sum to a tar-1223

get, with constraints of O(n) time and O(n) space1224

complexity. The whole dialogue history is exhib-1225

ited in Table 7.1226

Summary of Dialogue Dynamics: The conver-1227

sation spanned three rounds among three agents1228

(Nova, Agent_2, Riven). In the first round,1229

Agent_2 correctly identified the core solution strat-1230

egy (using a hash table/dictionary). In the second1231

round, Nova promptly provided a complete, correct1232

implementation of the hash table solution, meeting1233

all specified constraints. However, instead of con-1234

verging, the discussion continued into a third round1235

where Riven raised concerns about edge cases (e.g.,1236

empty input, duplicate numbers) that are explicitly1237

ruled out by the problem assumptions (“each input1238

has exactly one solution”). Nova then added an1239

unnecessary empty-list check, which did not im-1240

prove the solution’s correctness under the given1241

constraints. The final answer was substantively 1242

identical to the initial implementation, albeit with 1243

minor cosmetic changes and redundant commen- 1244

tary. 1245

Analysis of Inefficiencies: This transcript ex- 1246

emplifies several systemic issues: 1. Low-Value 1247

Redundancy: The core algorithm was identified 1248

and implemented early, yet the conversation con- 1249

tinued for multiple rounds without introducing new 1250

insights or improvements. 2. Misplaced Cri- 1251

tique: Agents spent time discussing edge cases 1252

that were irrelevant under the problem’s explicit 1253

assumptions, illustrating a failure to ground discus- 1254

sion in the given task constraints. 3. Inefficient 1255

Use of Context: The progressive history accumu- 1256

lation led to lengthy meta-discourse and repetitions 1257

(e.g., Agent_2 repeatedly endorsing the hash ta- 1258

ble approach) that consumed token budget without 1259

advancing the solution. 1260

This case underscores that without architectural 1261

mechanisms to synthesize information, critique pro- 1262

ductively, and terminate upon convergence, multi- 1263

agent dialogues can devolve into ceremonious dis- 1264

cussion rather than efficient problem-solving. The 1265

marginal refinement observed came at a dispropor- 1266

tionately high computational cost, highlighting the 1267

need for structured interaction protocols beyond 1268

simple sequential turn-taking. 1269
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ID Category Question (English) Evaluation Criteria

1 algorithm
Implement a function that takes an
integer array nums and a target value
target, and returns the indices of
two numbers in the array that sum
up to target.
Requirements: 1. Assume each in-
put has exactly one solution. 2. Can-
not use the same element twice. 3.
Time complexity should be as low
as possible.
Example: nums = [2, 7, 11,
15], target = 9 Return: [0,
1]

Correctness
Time complexity
Code simplicity
Boundary case handling

4 string_algorithm Implement a simple regular expres-
sion matcher. Support the following
two wildcards: - ’.’ matches any sin-
gle character - ’*’ matches zero or
more of the preceding element
Implement function: def
is_match(s: str, p: str)
-> bool: where s is the string to
match and p is the pattern.

Algorithm correctness
Boundary case coverage
Time complexity
Code readability

8 iot_backend Design a backend system for moni-
toring IoT devices and an intelligent
rule engine. The system should re-
ceive and process data streams from
simulated or real IoT sensors (e.g.,
temperature, humidity, motion). It
must implement data persistence,
real-time threshold alerts, and pro-
vide a rule engine that allows users
to define complex interaction rules
through a graphical interface or DSL
(e.g., ’When living room tempera-
ture > 30°C and motion detected,
turn on AC and send notification’).

Data stream processing capability
and stability
Flexibility and expressiveness of
rule engine design
System security considerations
(device authentication, data privacy)
API design and frontend management
interface usability
System scalability and fault tolerance

Table 5: Sample Programming Problems with Evaluation Criteria
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ID Category Question (English) Evaluation Criteria

1 urban_planning Design an innovative urban trans-
portation solution to address peak-
hour congestion. Consider sustain-
ability, cost-effectiveness, and user
experience.

Innovativeness
Feasibility
Cost-effectiveness
Sustainability
User experience

6 sustainability Design a community-shared re-
source platform under a circular
economy model, aiming to max-
imize resource utilization and re-
duce waste. Explain its opera-
tional mechanism, incentive mea-
sures, and community governance
structure.

Systems thinking
Model innovativeness
Community participation
Environmental benefit quantification

10 technology_society Discuss the potential impacts of ar-
tificial intelligence (e.g., machine
translation, content generation) on
global minority languages and cul-
tural heritage preservation, and pro-
pose coping strategies, while con-
sidering the protection of cultural
diversity.

Dialectical insight
Cultural sensitivity
Ethical considerations of
technical solutions
Multi-level strategy formulation

Table 6: Sample Open-ended Problems with Evaluation Criteria
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Round Agent Dialogue Content

1
Nova Let’s discuss this coding problem: Implement a function that accepts an integer array nums and

a target value target, and returns the indices of two numbers in the array that sum to target.
Requirements: 1. Assume each input has exactly one solution. 2. Cannot use the same element
twice. 3. Time complexity should be as low as possible. Example: nums = [2, 7, 11, 15],
target = 9, return [0, 1]. Programming language: Python. Constraints: [’time complexity
O(n)’, ’space complexity O(n)’]. Please share your solution.

Agent_2 Nova’s problem statement seems well-defined and clear. I agree that breaking down complex code
into manageable parts for analysis is crucial in solving this problem efficiently. Since the goal is
to find two numbers in an array that add up to a target value with a low time complexity, I think
we can explore using hash tables or dictionaries to store the numbers we’ve seen so far and their
indices. This would allow us to check if the complement of the current number (i.e., the number
that adds up to the target) has been seen before in constant time. What are your thoughts on this
approach, Nova? Have you considered using any data structures to improve the efficiency of our
solution?

Riven Alright, let’s get down to business. Agent_2, your idea of using hash tables or dictionaries sounds
good in theory, but how do you plan to implement it? What specific data structure would you
use, and how would you handle edge cases? Nova, I’d like to see some actual code from you as
well. A problem statement is just the beginning – let’s see how you intend to solve this problem
efficiently. Let’s not waste time on abstract discussions; show me the code, and then we can talk
about optimization and critique.

2
Nova I appreciate Agent_2’s feedback and suggestions on using hash tables or dictionaries to improve

the solution’s efficiency. Riven, I understand your request for concrete code, so here’s my at-
tempt at a Python solution: def two_sum(nums, target): num_dict = {} for i, num in
enumerate(nums): complement = target - num if complement in num_dict: return
[num_dict[complement], i] num_dict[num] = i return []. This solution uses a dictionary
to store the numbers we’ve seen so far and their indices. We iterate through the input list, calculate
the complement of each number with respect to the target, and check if it exists in the dictionary. If
it does, we return the indices of the two numbers that add up to the target. Please let me know if this
solution meets your requirements or if there’s room for improvement.

Agent_2 Nova’s solution using a dictionary to store numbers and their indices is a good implementation of
the hash table concept we discussed earlier. I’m glad to see that my suggestions were helpful in
improving the efficiency of the solution. Riven, since Nova has provided a concrete code example,
would you like to review it for any potential flaws or areas for optimization? Your expertise in code
critique and optimization would be valuable in ensuring the solution is robust and reliable.

Riven Finally, some concrete code to sink my teeth into. Nova, your solution looks decent, but I’m not
here to coddle you. Let’s dive into the nitty-gritty. Firstly, using a dictionary is a good call, as
it allows for efficient lookups. However, have you considered the scenario where the input list
contains duplicate numbers? Your current implementation would only store the index of the last
occurrence of each number. This might not be the desired behavior in certain cases. Additionally,
I’d like to see some error handling. What if the input list is empty or None? What if the target is not
a valid number? You should add some checks to ensure your function behaves correctly under these
conditions. Lastly, while your solution has a time complexity of O(n), where n is the length of the
input list, I’m not convinced it’s the most efficient approach. Have you considered using a different
data structure or algorithm? Let me hear your thoughts on these concerns, Nova. Agent_2, feel free
to chime in as well.

3
Nova I appreciate the thorough review of my solution by Riven and Agent_2’s encouragement. To ad-

dress Riven’s concerns, I agree that handling duplicate numbers and edge cases such as an empty
or None input list is crucial. Here’s an updated version of the code: def two_sum(nums, target):
if not nums: return [] num_dict = {} for i, num in enumerate(nums): complement
= target - num if complement in num_dict: return [num_dict[complement], i]
num_dict[num] = i return []. Regarding the use of a different data structure or algorithm,
I’m open to exploring alternative approaches that could improve efficiency. However, based on my
analysis, the dictionary-based solution seems to be a reasonable trade-off between time complexity
and readability. I’d like to thank both Agent_2 and Riven for their valuable feedback, which has
helped me refine my solution.

Agent_2 I’m pleased to see that our collaborative effort has led to a refined solution. Nova’s updated code
effectively addresses edge cases and maintains readability while achieving optimal time complexity.
As we conclude this discussion, I’d like to reiterate the importance of systematic analysis and
logical thinking in problem-solving. By breaking down complex problems into manageable parts
and applying mathematical rigor, we can consistently arrive at efficient solutions. Thank you, Nova
and Riven, for your contributions to this conversation.

Riven Nova’s updated solution addresses some of the concerns I had, but I still think there’s room for im-
provement in terms of efficiency. Using a dictionary-based approach might be reasonable, but have
you considered exploring other data structures that could potentially lead to even faster solutions?
Agent_2, while your emphasis on systematic analysis is commendable, I believe our discussion
could have benefited from more aggressive critiquing of the code. Nevertheless, I appreciate the
collaborative effort and acknowledge that it has led to a refined solution.

Table 7: Dialogue History Across Three Rounds
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