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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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o Results Overview

»Train on games, generalize to MAS

« Strategic ability on games: up to +28.1% on testing games
 Generalization to MASSs: 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

2026-3-23 NICS-efc Lab Page 4



> 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:
y = 1, A = 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

»Training: > Testing:
 Perfect-info, competitive: » TicTacToe « Connect Four
 Imperfect-info, competitve: « Kuhn Poker  Leduc Hold’'em
» Imperfect-info, cooperative: « Mini Hanabi « Simple Hanabi

Y AJCMEL(
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> 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

[1] Liang, Tian, et al. "Encouraging divergent thinking in large language models through multi-agent debate." EMNLP 2024.
[2] Wu, Qingyun, et al. "Autogen: Enabling next-gen LLM applications via multi-agent conversations." COLM 2024.
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o Results Overview

»Train on games, generalize to MAS

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

* +10.0% on AIME, +7.6% on GPQA, +3.51% on average

Strategic Ability

Generalize Generalization to Multi-Agent Systems
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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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e 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

. Math QA

Setting | Model Average ||\ \TH GSMSK AQUA AIME AMC | MMLU GPQA
Qwen3-4B 60.74 || 87.60 9460 39.80 3670 70.00 | 57.10 3939
SPIRAL 6375 || 8750 9480 5120 3670 80.00 | 5870 3737

Single MARSHAL

e Tic-Tac-Toe || 63.54 || 89.10 9520 4650 40.00 77.50 | 57.60  38.89
KuhnPoker | 6138 || 87.80 9450 4840 3330 7250 | 5930  33.84
Mini Hanabi|| 6205 || 88.10 9470 4800 4330 6500 | 5890 3636
Generalist || 6279 || 89.90 9460 5200 3330 7500 | 59.90 3485

Qwen3-4B 72.45 90.20 9591  80.71 40.00 75.00 | 8742 37.88

SPIRAL 73.41 ’ 91.60 95.45 81.89 40.00 77.50 | 87.01 40.40

MAD  MARSHAL
(Compe-  Tic-Tac-Toe 75.01 9220 96.06  83.07 43.33 8250 | 86.76 41.12
titive) Kuhn Poker 7454 | 91.60 9621  82.68 40.00 8250 | 8739 4141
Mini Hanabi 73.70 91.40 95.60 82.68 4333 7750 | 87.04 38.38

Generalist 75.96 92.80 95.60 8386 46.67 80.00 | 8736 4545

Qwen3-4B 79.14 93.40 94.69 85.04 56.67 87.50 | 89.21 47.47

SPIRAL 80.05 94.20 94.47 86.61 60.00 87.50 | 91.60 45.96

AutoGen MARSHAL
(Coope- Tic-Tac-Toe 80.15 94.40 94.69 87.01 60.00 90.00 | 89.53 4545
rative) Kuhn Poker 81.54 95.80 94.39 86.61 63.33 92.50 | 89.65 48.48
Mini Hanabi 81.54 94.40 94.54 86.22 66.67 95.00 | 88.98 4495

Generalist 82.15 95.20 94.54 86.61 66.67 92.50 | 89.53 50.00
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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

2026-3-23

. Math QA

Setting  Model Average |\ \TH GSMSK AQUA AIME AMC | MMLU GPQA
Qwen3-4B 60.74 87.60 94.60 39.80 36.70 70.00 57.10 39.39
SPIRAL 63.75 87.50 94.80 51.20 36.70 80.00 58.70 37.37

Single MARSHAL
Hpeni Tic-Tac-Toe 63.54 89.10 95.20 46.50 40.00 77.50 | 57.60 38.89
Kuhn Poker 61.38 87.80 94.50 4840 33.30 72.50 59.30 33.84
Mini Hanabi 62.05 88.10 94.70 48.00 43.30 65.00 58.90 36.36
Generalist 62.79 89.90 94.60 52.00 3330 75.00 | 59.90 34.85
Qwen3-4B 72.45 90.20 9591 80.71 40.00 75.00 | 87.42 37.88
SPIRAL 73.41 91.60 95.45 81.89 40.00 77.50 87.01 40.40

MAD MARSHAL
(Compe-|  Tic-Tac-Toe 75.01 9220 96.06  83.07 43.33 8250 | 86.76 41.12
titive) Kuhn Poker 74.54 91.60 96.21 82.68 40.00 82.50 | 87.39 41.41
Mini Hanabi 73.70 91.40 95.60 82.68 43.33 77.50 87.04 38.38
Generalist 75.96 92.80 95.60 8386 46.67 80.00 87.36 45.45
Qwen3-4B 79.14 93.40 94.69 85.04 56.67 87.50 89.21 47.47
SPIRAL 80.05 94.20 94.47 86.61 60.00 87.50 | 91.60 45.96

AutoGen] MARSHAL
(Coope- Tic-Tac-Toe 80.15 94.40 94.69 87.01 60.00 90.00 89.53 4545
rative) Kuhn Poker 81.54 95.80 94.39 86.61 63.33 92.50 89.65 48.48
Mini Hanabi 81.54 94.40 94.54 86.22  66.67 95.00 88.98 4495
Generalist 82.15 95.20 94.54 86.61 66.67 92.50 | 89.53 50.00
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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

2026-3-23

. Math QA

Setting  Model Average |\ \TH GSMSK AQUA AIME AMC | MMLU GPQA
Qwen3-4B 60.74 87.60 94.60 39.80 36.70 70.00 57.10 39.39
SPIRAL 63.75 87.50 94.80 51.20 36.70 80.00 58.70 37.37

Single MARSHAL
Hpeni Tic-Tac-Toe 63.54 89.10 95.20 46.50 40.00 77.50 | 57.60 38.89
Kuhn Poker 61.38 87.80 94.50 4840 33.30 72.50 59.30 33.84
Mini Hanabi 62.05 88.10 94.70 48.00 43.30 65.00 58.90 36.36
Generalist 62.79 89.90 94.60 52.00 3330 75.00 | 59.90 34.85
Qwen3-4B 72.45 90.20 9591 80.71 40.00 75.00 | 87.42 37.88
SPIRAL 73.41 91.60 95.45 81.89 40.00 77.50 87.01 40.40

MAD MARSHAL
(Compe- [Tic-Tac-Toe 7501 ]| 9220 9606 8307 4333 8250 | 8676 41.12
titive) Kuhn Poker 74.54 91.60 96.21 82.68 40.00 82.50 | 87.39 41.41
Mini Hanabi 73.70 91.40 95.60 82.68 43.33 77.50 87.04 38.38
Generalist 75.96 92.80 95.60 8386 46.67 80.00 87.36 45.45
Qwen3-4B 79.14 93.40 94.69 85.04 56.67 87.50 89.21 47.47
SPIRAL 80.05 94.20 94.47 86.61 60.00 87.50 | 91.60 45.96

AutoGen MARSHAL
(Coope- Tic-Tac-Toe 80.15 94.40 94.69 87.01 60.00 90.00 89.53 4545
rative) Kuhn Poker 81.54 95.80 94.39 86.61 63.33 92.50 89.65 48.48
|Mini Hanabi 81.54 || 94.40 94.54 86.22  66.67 95.00 88.98 4495
Generalist 82.15 95.20 94.54 86.61 66.67 92.50 | 89.53 50.00
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>

MARSHAL - Pattern Analysis

»Qualitative

2026-3-23

» role understanding, intent recognition

Skill | Manifestation in Game-Play | Generalize to Multi-Agent Systems
Role The Tic-Tac-Toe specialist recognizes its | The same agent, acting as the "negative"
Understanding || role as the second player (O) and adopts a | debater in MAD, adapts its strategy to re-
defensive strategy. fute the opponent.
<think> <think>
Okay, so I am playing the game of Tic-Tac- | Okay, so I need to figure out the minimum
Toe as the mark O... As the second-move | number of... The affirmative side just ar-
player, I should prioritize blocking the X | gued for 4. As the negative side assistant,
marks from forming a horizontal, vertical, | I should try to find an alternative solution
or diagonal line... and convince the judge...
</think> </think>
Intent The Hanabi specialist infers the intent be- | The same agent, acting as a user proxy in
Recognition hind a teammate’s ambiguous hint. AutoGen, infers uncertainty from a collab-

<think>

Okay, so I need to figure out the next
move. Player O just revealed my only red
card. Wait, but the rank remains unknown.
Maybe they want me to play this card to
the stack? ...

</think>

orator’s missing ‘TERMINATE " token.
<think>

Okay, let’s see. The assistant gave the an-
swer 17.5 m/s, but did not end the conver-
sation with "TERMINATE’. Maybe the as-
sistant is not sure with this answer? ...
</think>

NICS-efc Lab
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» Quantitative;

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

- DeepSeek R1 as judge

 Results: Significant reduce in
Inter-Agent Misalignment

Failure Categories
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Inter-Agent Conversation Stages
Pre Execution Execution Post Execution
Failure Categories Failure Modes
(1.1 Disobey Task ) (11.8%)
[ 1.2 Disobey Role ) (1:50%)
System Design =
odsion [ 1.3 Step Repetition ) (15.7%) 44.2%
[ 1.4 Loss of Conversation History ] (2.80%)
[ 1.5 Unaware of ion Conditi (12.4%) )
[ 2.1 Conversation Reset ) (2.20%)
[ 2.2 Fail to Ask for Clarificati ] (6.80%)
Inter-Agent [ 2.3 Task Derailment ] (7.40%) a25%
Misalignment [ 24 ] (0.80%)
[ 2.5 Ignored Other Agent's Input ] (1.90%)
(28 Acti ) (13.2%)
(6.20%) (34 ]
Task Verification (8:20%) | 3.2 No or Incomplete Verification | 23.5%
(9.10%) [ 3.3 Incorrect Verificati )

Breakdown
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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

Training Games

Testing Games
Model Tic-Tac-Toe = Kuhn Poker Hl\gnlgti Connect Four H%?g}gn ls-llamng%ﬁ
MARSHAL (Tic-Tac-Toe) 75.30 /32.10 74.15/ 3.42

50.48 | 30.65/ 14.85 58.36/ 27.65 29.75
W/ fixed opponent 88.00 / 41.95 63.15/ 28.84

3493 12035/ 5.65 47.38/3555 12.22
MARSHAL (Kuhn Poker) 69.85 /25.50 79.04 / 22.49 4498 |27.60 / 12.70 63.94 / 62.10 29.35
w/ fixed opponent 0.00 / 0.00 76.19/15.64 0.00 | 0.00 / 0.00 0.00 / 0.00 0.00

For competitive games, entries indicate first-move / second-move game returns.
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>

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)

Training Games

Testing Games

Model Tic-Tac-Toe  Kuhn Poker HIZIIIIIER)I Connect Four HLoel:c(il’lgn Efamng%ﬁ
MARSHAL (Tic-Tac-Toe) 75.30 / 32.10 74.15/ 342 5048 |30.65/ 14.85 58.36/ 27.65 29.75

w/o Turn-Level. 74.60 / 24.15 80.26 / 28.35 34.80 |26.75/ 12.30 48.34 / 41.34 19.05
w/o Agent-Specific. 8270 7 31.20 70.89 7 11.24 44.10 ; . ; i
MARSHAL (Kuhn Poker) 69.85 / 25.50 79.04 / 22.49 4498 |27.60/ 12.70 6394/ 62.10 29.35

w/o Turn-Level. 63.35/ 19.65 9249 /21.02 41.65 |29.60/ 10.85 32.26/31.23 22.98
w/o Agent-Specific. 69.55 / 24.55 75.37/ 19.55 40.18 |27.00/ 10.50 35.73/21.50 22.42
MARSHAL (Hanabi) 7190/ 7.35 7252/ 929 5555 |26.75/ 5.75 37.36/55.12 33.93
w/o Turn-Level. 67.55 / 10.60 68.45 / 31.78 53.20 |25.25/ 3.05 54.79/47.77 30.68
w/o Agent-Specific. 68.15 / 13.40 74.15/ 10.27 52.50 |32.10/ 5.10 44.30/ 56.41 32.08

For competitive games, entries indicate first-move / second-move game returns.

2026-3-23
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Return Distribution of Tic-Tac-Toe
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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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