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ABSTRACT

Developing Large Language Models (LLMs) to cooperate and compete effectively
within multi-agent systems (MASs) is a critical step towards more advanced in-
telligence. While reinforcement learning (RL) has proven effective for enhancing
reasoning in single-agent tasks, its extension to multi-turn, multi-agent scenarios
remains underexplored due to the challenges of long-horizon credit assignment
and agent-specific advantage estimation. To address these challenges, we intro-
duce MARSHAL, an end-to-end RL framework that incentivizes Multi-Agent
Reasoning through Self-play witH strAtegic LLMs in both cooperative and com-
petitive games. MARSHAL features a turn-level advantage estimator that aligns
learning signals with each interaction for credit assignment, and an agent-specific
advantage normalization to stabilize multi-agent training. By learning with self-
play across cooperative and competitive games, MARSHAL agents trained from
Qwen3-4B develop strong strategic abilities, with up to 28.7% performance im-
provements in held-out games. More importantly, the capability acquired through
self-play generalizes beyond games, yielding consistent performance gains of
MASs in reasoning benchmarks. When integrated into leading MASs, our MAR-
SHAL agent achieves significant zero-shot performance gains of up to 10.0% on
AIME, 7.6% on GPQA-Diamond, and 3.5% on average across all benchmarks.
These results establish self-play in strategic games as a powerful approach for
developing generalizable multi-agent reasoning capabilities in LLMs.
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Figure 1: Evaluation of MARSHAL and two baselines on strategic games and reasoning benchmarks.
MARSHAL incentivizes multi-agent reasoning ability via self-play in strategic games and generalizes
to improvements of multi-agent systems like MAD and AutoGen on math and QA benchmarks.
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1 INTRODUCTION

The remarkable capabilities of Large Language Models (LLMs) have revolutionized numerous
domains, enabling strong performance on a wide range of tasks from question answering to code
generation (Achiam et al., 2023; Team et al., 2023). However, many real-world scenarios, such as
negotiation (Bianchi et al., 2024), strategic gameplay (Silver et al., 2016; FAIR et al., 2022), and
collaborative software development (Qian et al., 2023; Wu et al., 2024a) inherently involve multiple
agents interacting over long horizons. Enabling LLMs to cooperate and compete effectively within
multi-agent systems (MASs) is a critical frontier for advancing artificial intelligence.

While reinforcement learning (RL) has demonstrated remarkable success in enhancing the reasoning
capabilities of individual LLMs (Guo et al., 2025; Team et al., 2025), its extension to multi-turn,
multi-agent tasks faces two critical challenges. First, the problem of long-horizon credit assignment
arises in multi-turn interactions. As a sequence of actions can each result in an immediate reward
while collectively leading to the final sparse reward, accurately attributing the contribution of the
action in each turn is inherently more complex than standard single-turn settings. Second, multi-agent
training couples heterogeneous game roles with asymmetric information and different payoff scales,
which introduces variance in advantage estimation, destabilizing the training process.

In this work, we present MARSHAL (Multi-Agent Reasoning through Self-play witH strAtegic
LLMs), an end-to-end RL framework that incentivizes multi-agent reasoning capabilities via self-play
in strategic games. We introduce two novel techniques to address the challenges in multi-turn,
multi-agent self-play with Group-Relative Policy Optimization (GRPO) (Shao et al., 2024). First, we
propose a simple yet effective turn-level advantage estimator to enable fine-grained credit assignment.
This allows the model to accurately attribute long-term outcomes to individual actions and provide
learning signals across multiple turns and agents. Second, we propose an agent-specific advantage
normalization that stabilizes the training process by calibrating advantage estimates relative to the
performance of each agent. This normalization accounts for the heterogeneous roles in multi-agent
systems and ensures stable policy updates. By integrating these components, MARSHAL enables
robust self-play learning from game outcomes, empowering LLMs to develop strategic abilities and
multi-agent reasoning skills through cooperation and competition with themselves.

To evaluate the performance and generalization ability of MARSHAL agents, we conduct extensive
experiments by training Qwen3-4B in a diverse range of cooperative and competitive games. Specifi-
cally, MARSHAL agents exhibit strong strategic ability across all game environments, with up to
28.7% performance improvements in three held-out games. More importantly, the capability acquired
through self-play in games further generalizes to improvements of multi-agent systems in reasoning
benchmarks. When integrated into both cooperative and competitive multi-agent systems, including
AutoGen (Wu et al., 2024a) and MAD (Liang et al., 2023), our MARSHAL agents achieve zero-shot
performance improvements of up to 10.0% on AIME, 7.6% on GPQA, and 3.5% on average across
all benchmarks. We further conduct ablation studies to validate the effectiveness of our algorithmic
design, complemented by a comprehensive analysis of reasoning patterns and failure modes to
understand the successful generalization. The evaluation results establish MARSHAL as a powerful
approach for developing generalizable multi-agent reasoning capabilities in LLMs.

In summary, our contributions are as follows:

• We propose MARSHAL, an end-to-end RL framework that enhances multi-agent reasoning
through self-play in a diverse range of strategic games.

• We introduce two novel techniques of turn-level advantage estimator and agent-specific normal-
ization to address the credit assignment and advantage variance in multi-turn, multi-agent RL
training for LLMs.

• We perform extensive experiments and ablation studies to show that MARSHAL incentivize
strong strategic ability and multi-agent reasoning capability that are generalizable to held-out
games and multi-agent LLM systems.

2 PRELIMINARY

In standard RL fine-tuning for tasks like math, the environment is static. The model generates a
complete Chain-of-Thought response, and only then is a terminal reward assigned. This process is
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Figure 2: Overview of MARSHAL. Left column: generating player trajectories through self-play in
strategic games. Middle column: naive advantage estimation by GRPO. Right column: advantage
estimation by MARSHAL for accurate credit assignment in multi-turn, multi-agent setting.

typically modeled as a token-level Markov decision process (MDP). Here, a trajectory consists of a
single "turn", which is the generation of one complete response with multiple tokens. The state at
stept is the sequence of previously generated tokens(o1; :::; ot�1 ), and the action is the selection of
the next tokenot . Given a task questionq, the goal is to optimize the token-level policy�(o t jq; o<t )
to produce a sequence that maximizes the �nal sparse reward.

In contrast, strategic games introduce a more complex, hierarchical decision-making structure. An
entire game, not a single response, constitutes an episode. This is best modeled as a turn-level
MDP, where decisions occur at two levels. At the high level, the statesk represents the state of the
game at the beginning of turnk (e.g., the board con�guration, the cards in hand, etc.). A high-level
action,ak , corresponds to the agent's entire output for that turn (e.g., "I place my X in the top-left
corner and here is why..."). This actionak is itself a sequence of multiple tokens generated by the
LLM's low-level, autoregressive policy. In this case, the goal is to optimize the turn-level policy
�(a k jsk ) =

Q T
t=1 �(o k;t jsk ; ok;<t ) to maximize the total return of all turns R =

P K
k=1 r k .

3 METHOD

In this section, we introduce MARSHAL, an end-to-end RL framework that enhances multi-agent
reasoning ability of LLM through self-play in a diverse range of cooperative and competitive games.
We begin by outlining the overall architecture of our training framework, building upon Group-
Relative Policy Optimization (GRPO) (Shao et al., 2024). We then detail our primary technical
contributions for addressing the credit assignment and advantage estimation challenge in multi-turn,
multi-agent training. Finally, we describe the selection of our game environments and design of
reward structures. An overview of our proposed method is shown in Fig. 2.

3.1 SELF-PLAY WITH GRPO

To eliminate the extensive computational cost introduce by the critic model in classic Proximal
Policy Optimization (PPO) (Schulman et al., 2017), GRPO rollout each query for multiple times,
constructing a group ofG responsesfo i gG

i=1 and their corresponding outcome rewardsr = fr i gG
i=1 ,

then estimate the advantage of each response by their relative reward to their corresponding group,
which assigns equal advantage to the whole sequence (Fig.2 middle), yielding

J GRPO(�) = E q�P (Q);fo i gG
i=1 �� � old (Ojq)

1
G

GX

i=1

1
joi j

jo i jX

t=1

J surr(� � ; � � old ; A i
t ; "); (1)

whereJ surr(� � ; � � old ; A i
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<t )
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is the

token-level PPO surrogate objective, and the advantages are estimated by Ai
t = r i �mean(r)

std(r) .
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In multi-agent self-play, where all players in a strategic game is controlled by the same model, each
episode of game results in a multi-turn trajectory for each player role, respectively. As a naive
generalization of the original GRPO to our multi-turn scenario, we start by considering all trajectories
from a game environment as a group of response, i.e.f(s i

k ; ai
k )K i

k=1 gG
i=1 , with total return as the

terminal reward for each trajectoryr = fR i gG
i=1 . Then, with an additional summation for multiple

turns, GRPO directly generalized to

J multi
GRPO(�) = E si

k �P (S);o i
k;t �� � old (Ojs i

k ;o i
k;<t )

1
G

GX

i=1

1
K i

K i
X

k=1

1
joi

k j

jo i
k jX

t=1

J surr(� � ; � � old ; A i
k;t ; "); (2)

where the advantages are estimated byA i
k;t = R i �mean(r)

std(r) . This assigns equal advantage to all tokens
in the multi-turn trajectory, similar to the original GRPO. For multi-game training, trajectories for
each game are naturally considered separate groups and normalized independently.

3.2 ADVANTAGE ESTIMATION FOR MULTI-TURN, MULTI-AGENT LEARNING

While GRPO has demonstrated remarkable ef�ciency and stability in single-turn settings, such direct
application to the multi-turn, multi-agent structure of self-play introduces signi�cant challenges of
long-horizon credit assignment and agent-speci�c advantage estimation. To address these issues, we
introduce two novel modi�cations to GRPO.

Turn-level advantage estimator. To enable �ne-grained credit assignment across a long trajectory,
we incorporate the sequence of turn-level rewardsr = f(r i

k )K
k=1 gG

i=1 . This setup is analogous to
the "Process Supervision" setting in the original GRPO paper (Shao et al., 2024). In that setting,
the proposed advantage estimation involves �rst normalizing all rewards across the entire batch,
~r i

k = (r i
k � mean(r))=std(r) , and then computing the cumulative sum of these normalized values,

A i
k =

P K
k̂=k ~r i

k̂
. However, since the distributions of intermediate rewards can vary signi�cantly,

treating the entire set of rewards as a single distribution for global normalization is likely inappropriate
and potentially problematic.

To address this problem, we propose a crucial inversion of these two steps: we �rst sum, then
normalize (Fig.2 right). Speci�cally, we begin by calculating the standard Monte Carlo return (or
cumulative reward) from each turnk onwards:Ri

k =
P K

k̂=k r i
k̂
. We then compute the advantage

by normalizing these returns to their mean:A i
k;t = R i

k � mean(R) , whereR is the collection
of all cumulative rewards in the group. This formulation is equivalent to Generalized Advantage
Estimation (GAE) (Schulman et al., 2015) with
 = 1 and� = 1 , where the value functionV (sk )
is approximated by a simple yet effective baseline: the empirical mean of the batch returnsE[R] .
By ensuring the �nal advantages are properly centered, this method provides a much more stable
learning signal for multi-turn decision-making.

Agent-speci�c advantage normalization. In many games, the expected return can be highly
dependent on a player's role (e.g., player 0 vs. player 1, or different roles in a cooperative game).
Normalizing advantages across different roles would force all players toward a shared baseline, which
is statistically inappropriate and can obscure role-speci�c learning signals.

To address this, we re�ne our advantage calculation further. We partition the batch of trajectories
into sub-groups based on player role and apply the turn-level advantage estimator described above
independently within each sub-groupGp (Fig.2 right), wherep denotes the player index. This ensures
that the advantage for a given action is calculated relative to the average outcome for that speci�c role,
providing a more accurate and stable credit assignment in multi-agent settings. This agent-speci�c,
sum-then-normalize advantage estimation forms the �nal objective for MARSHAL as

J MARSHAL(�) = E sp;i
k �P (S);o p;i

k;t �� � old (Ojs p;i
k ;op;i

k;<t )

1
P

PX
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1
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GpX

i=1

1
K i

K i
X
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1

jop;i
k j

jo p;i
k jX
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J surr(� � ; � � old ; Ap;i
k;t ; ");

(3)

where Ap;i
k;t = R p;i

k � mean(R p), Rp denotes the total set of cumulative rewards from subgroup Gp.
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3.3 GAME ENVIRONMENTS

To incentivize comprehensive multi-agent reasoning ability for MARSHAL, we select a range of six
strategic, two-player games. These games are partitioned into a training set and a more complex,
held-out testing set for out-of-distribution (OOD) evaluation:

• Perfect-information, competitive games: To enable deterministic planning and role adaptation,
we train on Tic-Tac-Toe, requiring the agent to recognize its strategic position (e.g., �rst-mover
vs. second-mover) and plan accordingly. For evaluation, Connect Four serves as a more complex
out-of-distribution test due to its vastly larger state space.

• Imperfect-information, competitive games: To foster robust reasoning and decision-making
under imperfect information and uncertainty, we train on Kuhn Poker, a simpli�ed poker variant.
We evaluate generalization on the more sophisticated Leduc Hold'em.

• Imperfect-information, cooperative games: To develop social intelligence like intent recogni-
tion and Theory of Mind, we consider the classic cooperative card game Hanabi. Speci�cally,
we train on Mini Hanabi and evaluate on a more challenging variant Simple Hanabi to test the
generalization of cooperative strategies.

Collectively, this diverse range of both competitive and cooperative games ensures the LLM agent
develops generalizable multi-agent reasoning capabilities.

3.4 REWARD DESIGN

While our primary learning signal is derived from the intrinsic game outcomes to minimize reward
engineering, we incorporate two auxiliary rewards to ensure stable training. The �nal reward signal
is composed of three components:

• Intrinsic game rewards: The primary signal is the intrinsic game outcome. This is a +/-1
reward for a win/loss/draw in Tic-Tac-Toe, chips won or lost in Kuhn Poker (max of 2), and a
shared +1 reward per successfully played card in Mini Hanabi (max of 4). To balance these
varying scales during multi-game training, we normalize the maximum reward across games to
4 by scaling the Tic-Tac-Toe reward with a factor of 2.

• Format reward: To ensure parsable outputs, we provide a small positive reward (+0.05) for
validly formatted actions and a large negative penalty (-10.0) that terminates the game for invalid
ones, similar to the approach in DeepSeek-R1 (Guo et al., 2025).

• Response length penalty: To encourage conciseness, we apply a turn-level penalty for verbosity,
inspired by Kimi k1.5 (Team et al., 2025), which scales linearly for responses longer than a set
threshold. The penalty is calculated as

r length(l) = � � max
�

0; 1 �
l � l min

lmax � l min

�
; (4)

where we set lmin = 11, l max = 2048, and the scaling coef�cient � = 0:5.

4 EXPERIMENTS

In this section, we present extensive experiment results to validate MARSHAL's ability to obtain
generalizable multi-agent reasoning capability. Additional results can be found in the Appendix.

4.1 EXPERIMENTAL SETUP

We use Qwen-4B (Yang et al., 2025), a state-of-the-art reasoning model, as our foundation to measure
the multi-agent reasoning capabilities of MARSHAL. We train two model types: specialist agents on
each game (Tic-Tac-Toe, Kuhn Poker, Mini Hanabi) and a generalist agent on all three simultaneously.
Implementation details and hyperparameter settings are provided in Appendix B and C. Our primary
baseline is SPIRAL, a recent work focused on self-play in purely competitive, zero-sum games (Liu
et al., 2025). Our evaluation is structured in four stages (see Appendix D for details):
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Figure 3: Average normalized game returns. Specialist agents not only master their training domains
but also generalize effectively to their more complex, held-out counterparts (e.g., from Tic-Tac-Toe to
Connect Four). The generalist model achieves consistently high performance across the entire suite
of games, establishing it as the most robust and versatile agent.

1. Strategic ability: We �rst evaluate strategic competence by benchmarking agents against
strong Monte Carlo Tree Search (MCTS) or Nash Equilibrium (NE) opponents. Performance is
measured over 1000 games on both the training games and a suite of more complex, held-out
games. For the cooperative Hanabi games, we report the standard self-play score.

2. Generalization to multi-agent systems: This is the primary test of this work. We integrate
MARSHAL agents into two established systems: the competitive MAD framework (Liang
et al., 2023) and the cooperative AutoGen framework (Wu et al., 2024a), measuring zero-shot
generalization on standard math and QA benchmarks.

3. Pattern analysis: We conduct a qualitative analysis of the agent's reasoning process and a
quantitative analysis of failure modes to understand the successful generalization to MASs.

4. Ablation studies: Finally, we perform ablation studies to validate our key algorithmic designs,
particularly our novel advantage estimation technique.

4.2 STRATEGIC ABILITY

Figure 4: Eval curves of the
Tic-Tac-Toe specialist in Tic-
Tac-Toe and Mini Hanabi.

Our analysis begins with strategic ability on games, with normalized
game return detailed in Fig 3. The MARSHAL framework proves
highly effective: specialist agents not only master their training do-
mains and outperform baselines, but also generalize effectively to
more complex, held-out counterparts (e.g., from Tic-Tac-Toe to Con-
nect Four). We also observe evidence of cross-category skill general-
ization. For example, the Tic-Tac-Toe specialist model demonstrates
smooth improvement not only on Tic-Tac-Toe, but also the OOD
Mini Hanabi (Fig. 4), suggesting MARSHAL cultivates foundational
skills like turn-based planning that are broadly bene�cial.

Crucially, the generalist model, trained on all environments simulta-
neously, achieves high performance across the entire suite of games,
achieving 28.7% improvement on Leduc Hold'em and 22.9% on
Simple Hanabi. Its broad competence across competitive and coop-
erative settings establishes it as our most robust agent overall.

4.3 GENERALIZATION TO MULTI-AGENT SYSTEMS

The ultimate test of MARSHAL is whether skills honed in games generalize to practical, out-of-
domain challenges. We evaluate this on a suite of demanding mathematics and QA benchmarks in
a zero-shot manner, including MATH500 (Cobbe et al., 2021), GSM8K, AQUA-RAT (Ling et al.,
2017), AIME24, AMC23, MMLU-STEM (Hendrycks et al., 2020), and GPQA-Diamond (Rein et al.,
2024). As a preliminary step, we investigate how our game tasks enhance foundational reasoning in a
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