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Better Multi-Agent System 
How to train better reasoning models for LLM-based MASs?

• RLVR is underexplored for the multi-turn/-agent settings of MAS

We propose: self-play in strategic games
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Results Overview
Train on games, generalize to MAS

• Strategic ability on games: up to +28.1% on testing games
• Generalization to MASs: up to +10.0% on AIME, +7.6% on GPQA
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MARSHAL - Method 
MARSHAL: 

• Multi-Agent Reasoning though Selfplay witH strAtegic LLMs

Challenge:  
• Multi-turn credit assignment
• Multi-agent advantage estimation

How to eval generalization?
• Integrate in to existing MASs
• Test on math/QA benchmarks 
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MARSHAL - Method
Algorithm: two modifications to naive GRPO

1. Turn-level advantage estimator: a “sum-then-norm” approach that 
assigns fine-grained and stable turn-level credit
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MARSHAL - Method
Algorithm: two modifications to naive GRPO

2. Agent-specific advantage normalization: separate the advantage 
estimation for each player-role to stablilize multi-agent training
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MARSHAL - Method
Algorithm: two modifications to naive GRPO

Under these two modifications, MARSHAL is equivalent to GAE with: 
� = 1; λ = 1 ; value of all states estimated by mean of return
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MARSHAL - Method
Game selection

• include both competitive and cooperative for robust skill set

• Perfect-info, competitive:
• Imperfect-info, competitve:
• Imperfect-info, cooperative:
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Testing: 
• Connect Four
• Leduc Hold’em
• Simple Hanabi

Training: 
• TicTacToe
• Kuhn Poker
• Mini Hanabi



MARSHAL - Results
Experimental setup

• Base model: Qwen3-4B
• Train 3 specialist (1 each game), 1 generalist (on 3 games)

• Experiments:
1. Strategic ability on testing games
2. Generalization to MASs

• Integrate agent into MAD (competitive), AutoGen (cooperative)
• Evaluate on 7 math and general QA benchmarks

3. Reasoning pattern analysis
4. Ablations
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Results Overview
Train on games, generalize to MAS

• Improved strategic ability on games, up to +28.1% on testing games
• Successfull generalization to MASs, up to:

• +10.0% on AIME, +7.6% on GPQA, +3.51% on average
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MARSHAL - Strategic Ability
Evaluate against fix opponents (i.e. MCTS, CFR)

• Specialist agents generalizes well to their corresponding test game
• Cross category generalization
• Generalist agent performs best overall
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MARSHAL - Generalization to MAS
Start with single agent, then test generalization to MASs

• 1. MARSHAL performs better than the baseline Qwen3-4B even in 
single agent setting
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MARSHAL - Generalization to MAS
Start with single agent, then test generalization to MASs

• 2. Successful generalization to MAS: on both MAD and AutoGen, our 
generalist performs best overall
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MARSHAL - Generalization to MAS
Start with single agent, then test generalization to MASs

• 3. Highly aligned generalization domain: competitive game generalize 
well to competitive MAS; and vise versa
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MARSHAL - Pattern Analysis
Qualitative

• role understanding, intent recognition
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MARSHAL - Pattern Analysis
Quantitative: 

• Count failure modes using the
taxomony of Cemri. et al, 2025

• DeepSeek R1 as judge

• Results: Significant reduce in 
Inter-Agent Misalignment
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MARSHAL - Ablations
Self-play vs. fixed-opponent

• Train Tic-Tac-Toe specialist against MCTS
• Train Kuhn Poker specialist against Nash Equilibrium policy
• Results: fixed-opponent-trained agents overfit
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For competitive games, entries indicate first-move / second-move game returns.



MARSHAL - Ablations
Algo rithmic design. Results:

• 1. Turn-level advantage estimator is crucial for long-horizon tasks
• 2. Agent-specific advantage normalization has mild effect on the 

cooperative Hanabi (similar return distribution between players)
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MARSHAL - Key Takeaway
Takeaway

• Effective Generalization:
• Self-play in strategic games successfully builds generalizable 

reasoning skills for general LLM-based multi-agent systems.

• Credit Assignment Matters: 
• Fine-grained credit assignment matters for effective and stable 

RL training in multi-turn multi-agent tasks.

• The Frontier: 
• Designing specialized RL algorithms for LLM-based MASs 

remains a crucial and open direction for future research.
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