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Background

 LLMs are More Specialized

« Nature: Base / Instruct / MoE / Coder / Math / VL
/ Image / Embedding

* Role (Prompt): Generator / Verifier / Planner

Multiple specialized LLM agents can interact!
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Related Work: LLM Collaboration

1. Test-Time Interaction

» Prompt-based: Brittle Collaboration

e Test-Time MARL

2. MARL-tuned Coordination

« POSG Solution -- Nash Equilibrium: No Global Optimum Guarantee

» Agent-wise / Role-based Reward Design: Complex; Onerous; Manual

3. Agent-wise Parameter Sharing

 Self-Evolve / Improvement / Play: Objectives Conflict; Model Capacity



Decentralized LLM Collaboration

+ Formalization: LLM Dec-POMDP (Z,V,C,M,S,{O;},{A:}, R, T, H)
« Language (Vocabulary, Context Window, Max Outputs)

» Sequence-Level Observation / Macro-Action

- Advantages
« Numerous Agents Can Run in Parallel -> High Efficiency

« Multi-SLM -> Flexible Deployment (Easy, Private, Scalable)

« Specialized LLM Agents -> Better Performance

« Special Challenges
* Credit Assignment

« Limited/No Communication

LLM Dec-POMDP



Multi-Agent REINFORCE

e Definition Vg, J(6;) =E, [pz',t Vg, logmg, (ais | hit) (G(ht) - b(ht))]

« Properties
e Unbiased Estimator

» Cannot Support Online Learning

« High Variance (No Early Termination, I.I.D.) 0
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Multi-Agent Actor Critic

H-1
* Definition V. J(0:) =Ex| ) pit Ve, logms, (@i | ki) 8iz| or &
t=0

« Properties

« Assuming Perfect Critics, Unbiased Estimator [Peshkin et. al.]

* Support Online Learning CoLLM-CC (Centralized Critic)
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Experimental Settings

« Writing Collaboration

Task 1: TLDR Summarization

Task 2: arXiv Expansion

Agents: 2x Qwen3-1.7B

Metric: structure, consistency, coherence

Characteristics: Short-Horizon (H=1), Dense-Rewards

* Coding Collaboration

Dataset: HumanEval&MBPP -> CoopHumanEval
Agents: Qwen2.5-Coder-3B & Qwen3-Coder-4B
Metric: Pass@K

External: AST, Sandbox Tests [:1]

Characteristics: Short-Horizon (H=2), Sparse-Rewards

« Game-Playing Collaboration

Task 1: StrBuild

Task 2: HouseBuild

Agents: Qwen3-4B-Instruct-2507 & Qwen2.5-3B-Instruct
Metric: Adjacency Rate, Health Point, IoU

External: Specialization Hints

Characteristic: Long-Horizon (H=4)

(a) StrBuild

(b) HouseBuild



Results

 Short-horizon and dense-reward:

 MA-REINFORCE/CoLLM-DC = CoLLM-CC

« Long-horizon or sparse-reward:

« MA-REINFORCE < CoLLM-CC -- low sample efficiency =

* CoLLM-DC < CoLLM-CC -- non-stationary
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Method TLDR arXiv CoopHE StrBuild HouseBuild
etho

Time Cost Score Time Cost Score Time Cost Pass Time Cost Adj IloU Time Cost HP IoU
Raw Model 5.0 465 303 51 472 446 25 90 563 106 427 09 366 226 1016 99.6 43.2
GRPO 41 387 91.7 42 398 91.0 25 88 61.8 103 411 04 46.1 220 890 100.0 54.6
AC 40 374 945 43 392 953 25 91 625 103 413 04 498 22,1 904 100.0 55.9
Parallel 23 244 229 23 246 490 23 138 500 94 232 157 59 192 502 21.8 46.1
Pipeline 43 238 21.7 39 203 578 26 177 625 98 246 129 187 203 488 30.6 413
Discussion 4.6 234 223 48 251 543 29 191 250 103 236 162 6.5 210 510 276 38.1
MAGRPO 1.8 178 935 20 201 931 23 132 743 94 226 133 506 192 446 802 509
CoLLM-DC 19 194 954 20 19 941 25 161 591 93 182 76 446 194 470 438 468
CoLLM-CC 18 181 952 19 188 950 26 166 752 95 239 73 685 19.0 442 864 52.7
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Thank You!
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