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ABSTRACT

The rapid rise of LLM-based agents has led to the emergence of LLM-based
Multi-Agent Systems (LaMAS), which show strong potential in complex, collab-
orative tasks such as presentation generation and even scientific research. While
Reinforcement Learning is well-established in enhancing LLM-based agent per-
formance, its success has largely focused on single-agent settings. In contrast,
applying Multi-Agent Reinforcement Learning to LaMAS remains limited. This
is due to fundamental mismatches between traditional MARL assumptions and
the unique dynamics of LaMAS, including action asynchronicity, dynamic organi-
zation, and characteristic profiles, which present significant new challenges. To
address these challenges, we first formalize LaMAS optimization as a Flex-MG,
capturing agent heterogeneity and interdependence, and then propose a novel
paradigm termed Multi-Agent Reinforcement Fine-Tuning (MARFT), introduc-
ing a new optimization framework for LaMAS. Two naive instantiations of MARFT
are implemented on the action-level and token-level. Comparative experiments
demonstrate MARFT’s superior stability and performance over representative meth-
ods, while extensive ablation studies and analysis on math problem-solving and
coding benchmarks further validate its effectiveness and efficiency, establishing
it as a principled and generalizable approach for tuning LaMAS. As this work
establishes a new paradigm, we conclude by highlighting the limitations of current
research and pinpointing promising directions for future work.

1 INTRODUCTION

Large Language Models (LLMs) are increasingly being deployed as autonomous agents capable
of decision-making, reasoning, and interacting with complex, dynamic environments (Jin et al.,
2024; Hong et al., 2024; Qian et al., 2024). Beyond their advanced natural language capabilities
(Chowdhary, 2020), LLMs support retrieval-augmented generation (RAG) (Lewis et al., 2021) and,
when integrated with external tools or APIs, can perform sophisticated tasks across computing
platforms (Erdogan et al., 2024; Zhang et al., 2025b). They have also been embedded in embodied
and simulated environments as agents in robotics and gaming (Tan et al., 2024; Carta et al., 2023).
Their capacity to follow instructions, learn from feedback, and generate context-aware responses
supports applications in healthcare, education, and software development (Dai et al., 2023; Chen
et al., 2024).

Multi-Agent Systems (MAS), particularly LLM-based MAS (LaMAS), have consistently outper-
formed single-agent models in complex tasks, as evidenced by the GAIA leaderboard (Mialon et al.,
2024), where all top-performing systems are multi-agent frameworks. Leading platforms such as
OpenAI Agents SDK (formerly Swarm), Microsoft AutoGen (Wu et al., 2023), Magnetic-One,
CAMEL-AI OWL (CAMEL-AI.org, 2025), and Google’s AI Co-Scientist (Gottweis et al., 2025)
highlight the growing significance of this architecture. OpenAI’s AGI roadmap further positions MAS
at the apex of its system hierarchy. However, researchers (Cemri et al., 2025) identify that MAS face
fourteen distinct failure modes tied to design, coordination, and control—areas where MARL holds
promise. Additionally, Yang et al. (2025b) introduced the first framework to systematically evaluate
the contributions of individual modules, paving the way for more efficient MAS optimization.

Recent advances in tuning of multiple LLM-based agents can be broadly categorized into two
approaches: tuning-free and parameter fine-tuning. Tuning-free methods avoid altering agent pa-
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Figure 1: Illustration of MARFT in real-world agentic problem-solving scenarios.

rameters, instead relying on strategies like prompt engineering (Fernando et al., 2023), in-context
learning (Tao et al., 2024), and self-evolution mechanisms (Yang et al., 2025a; Huang et al., 2024),
which iteratively refine prompts or agent profiles. Parameter fine-tuning directly modifies model
parameters or architectures, employing techniques such as multi-agent debate to generate training
data (Subramaniam et al., 2025), or fine-tuning specialized modules for tasks like code synthe-
sis (Khattab et al., 2024). An innovative example duplicates an LLM into pioneer and observer roles
to enable mutual learning via knowledge transfer and role switching (Ma et al., 2024). However, these
methods are constrained by their reliance on a supervised learning paradigm, which is fundamentally
misaligned with the sequential decision-making nature of agent tasks. MARTI (Zhang et al., 2025a)
claims to be an RL framework for LaMAS. However, it still uses separate policy trainers, which is
like independent PPO without explicit collaboration and treating each agent as a separate entity. The
most related work, MAPoRL (Park et al., 2025), rooted in MARL, pioneers in applying multi-agent
PPO to post-train LLMs, but does not consider the unique characteristics of LaMAS and assumes
homogeneous agent behavior through collaborative debate, diverging from real-world scenarios
where agents often perform more complicated and diverse forms of collaboration, beyond simple
debate, to solve complex problems.

To address these limitations and fill the research gaps, we propose Multi-Agent Reinforcement
Fine-Tuning (MARFT), a novel paradigm designed to advance the capability and coordination of
LaMAS, and fully unleash the potential of LaMAS. Figure 1 gives a manifestation of MARFT in
real-world agentic problem-solving scenarios. Unlike existing approaches, MARFT treats agents as
an integrated, heterogeneous system that learns through interaction and reinforcement rather than
static supervision. Our key contributions are:

• Flex-MG: A formalization of the novelly proposed Flex-MG, which uniquely incorporates a
dynamic dependency function to formally model the fluid, conditional interdependencies between
agents, thereby providing a crucial theoretical framework for fine-tuning LaMAS.

• MARFT Paradigm: A detailed introduction and interpretation of the new paradigm MARFT,
and a universal algorithmic framework, seamlessly integrated with LaMAS, supported by the
established MARL theories.

• Concrete Algorithms: Proposal of MARFT-A and MARFT-T as two concrete instantiations
of MARFT and a series of experiments on mathematical and coding problems to validate the
effectiveness of MARFT.

• Foundational Research Avenues: A detailed discussion of limitations and open questions,
which pinpoints the future research directions that are essential for theoretical and practical
advancement in reinforcement fine-tuning LaMAS beyond MARFT.

2 RELATED WORKS

2.1 LLMS AS AGENTS

Recent advances in large language models (LLMs) have enabled the development of autonomous
agents with capabilities in complex reasoning, planning, and decision-making (Luo et al., 2025;
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Yao et al., 2023; Shinn et al., 2023; Wang et al., 2023). These agents incorporate components such
as memory, tool use, and planning to perform tasks across diverse domains (Schick et al., 2023;
Tang et al., 2023; Erdogan et al., 2024; Lin et al., 2025). Frameworks like AutoGen (Wu et al.,
2023) exemplify this integration by enabling multi-agent collaboration between LLMs, humans, and
external tools. Recent surveys outline unified architectures featuring perception, memory, planning,
and action modules, showcasing the versatility of LLM agents in fields from social sciences to
engineering (Wang et al., 2024). Nonetheless, significant challenges remain in achieving long-term
autonomy, adaptability to dynamic environments, and robust decision-making (Du et al., 2025).

2.2 LLM-BASED MULTI-AGENT SYSTEMS (LAMAS)

The concept of LaMAS has recently gained prominence (Guo et al., 2024; Yang et al., 2024b), with
numerous applications and inference frameworks emerging to address complex agentic problems
(Epperson et al., 2025). Unlike the multi-agent team in traditional MARL, where agents act syn-
chronously with uniform decision weights, LaMAS introduces a highly dynamic organization and
asynchronous execution. Agents in LaMAS can dynamically decompose tasks, adapt workflows
based on execution dependencies, and coordinate actions in a decentralized yet goal-aligned manner.

While most existing optimization techniques for LaMAS are parameter-free (Yang et al., 2025a;
Tao et al., 2024; Huang et al., 2024; Fernando et al., 2023), recent efforts aim to enhance its
capabilities through efficient parameter-tuning. Multiagent Finetuning (Subramaniam et al., 2025)
improves LLMs via collaborative debate among specialized agents, outperforming single-agent
self-improvement in performance. CORY (Ma et al., 2024) uses two coevolving agents that alternate
roles during fine-tuning. The most related work, MAPoRL (Park et al., 2025), while rooted in MARL,
assumes homogeneous agent behavior through collaborative debate, diverging from real-world
scenarios where agents often perform diverse or orthogonal roles to solve complex problems.

2.3 MULTI-AGENT REINFORCEMENT LEARNING (MARL)

Though there exist lots of value-based MARL methods, such as QMIX (Rashid et al., 2018), VDN
(Sunehag et al., 2017), those based on Proximal Policy Optimization (PPO) (Schulman et al., 2017)
are more applicable to LLMs, have been shown to be one of the most effective RL methods for
decision-making tasks, and give a guarantee of monotonic improvement (Nakibinge et al., 2024;
Ouyang et al., 2022; Heess et al., 2017; Schulman et al., 2015).

IPPO, MAPPO, and HAPPO Independent PPO (IPPO) and Multi-Agent PPO (MAPPO) Yu et al.
(2022) are early approaches applying PPO in multi-agent settings. Both use standard PPO per agent;
IPPO assigns each agent its own value function, while MAPPO uses a shared central critic. However,
MAPPO assumes parameter sharing across agents and lacks guarantees of monotonic team reward
improvement, as local policy updates can degrade overall performance. HATRPO and HAPPO
address this by sequential policy updates (Kuba et al., 2022).

MAT Multi-Agent Transformer (Wen et al., 2022) is a novel MARL paradigm from the perspective
of multi-agent sequential decision-making, re-modeling MARL problems into Sequential Modeling
(SM) problems via Multi-Agent Advantage Decomposition Theorem. Within this paradigm, the
approach to approximating the value function remains consistent with conventional MARL methods,
but for the policy optimization, it utilizes a modified clipping PPO objective. MAT assumes that,
although agents act simultaneously, they make decisions sequentially in an arbitrary order, based on
the planned decisions of their predecessors.

3 EXTENDING MARL FOR LAMAS OPTIMIZATION

LaMAS differs significantly from traditional multi-agent systems in MARL, making large-scale
implementation within standard MARL frameworks challenging. Though there is little to no research
applying existing MARL methods, such as COMA (Foerster et al., 2018), MADDPG (Lowe et al.,
2017), MAPPO (Yu et al., 2022), and HAPPO (Kuba et al., 2022), to LaMAS, the theoretical
studies and effectiveness of these methods in conventional MARL problems illuminate our path
to extend MARL for LaMAS. Here, we formalize a novel Flex-MG to help address the highly
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Transition Model

Dependency Function

states

actions

Figure 2: A detailed illustration of the dynamics of a Flex-MG. The dependency function (dashed
purple line) can vary across timesteps. The superscript letters indicate agent index, from 1 to n.

dynamic optimization demands of LaMAS. Subsequently, we transition from MARL to MARFT by
introducing the Multi-Agent Advantage Decomposition Theorem and highlighting the key differences
between MARFT and traditional MARL.

3.1 FLEXIBLE MARKOV GAME (FLEX-MG)

To enhance problem formulation and accommodate MARFT, we propose Flexible Markov Game
(Flex-MG), illustrated in Figure 2 and denoted as ⟨V,N ,S,A, T ,R, γ,D⟩. Here, V is the vocabulary,
N = {1, ..., n} is the agent composition of a LaMAS with some organization, i.e., some order
constraint among agents, S is the state space, and A =

∏n
i=1Ai is the joint action space. The

transition function T : S ×A→ S ′, written as P (s′|s,a), models state changes given joint actions.
The reward function R : S ×A → R, denoted R(s,a), assigns rewards based on states and joint
actions. The discount factor γ accounts for temporal reward decay. Usually, the total reward at time t
is defined as Rt ≜

∑∞
k=0 γ

krt+k.

Flex-MG is distinguished by its introduction of a dependency function D : A×A→ {0, 1}, which
explicitly models inter-agent dependencies. Specifically, D(ai, aj) = 1 indicates that the action of
agent j is conditionally dependent on the action of agent i. As a result, the decision-making process
of agent j is influenced not only by the global state s but also by the actions of all agents k such that
k ∈ {l|D(al, aj) = 1}. These dependencies can be integrated into agent j’s input via concatenation
or other fusion methods, thereby forming an enriched input for the agent’s policy. Crucially, the
dependency function D can vary across timesteps, potentially governed by an orchestration agent or a
dynamic routing mechanism. This flexibility captures the evolving coordination structures in LaMAS
and embodies the "flexible" nature of the proposed framework. Notably, when D(ai, aj) = 0 for all
i, j, Flex-MG reduces to a standard multi-agent decentralized setting where agents act independently.

3.2 TRANSITION FROM MARL TO MARFT

Before diving into MARFT, we introduce two critical value functions in MARL. The state value
function V π and the state-action value function Qπ are given by

V π(s) ≜ Ea0:∞∼πθ,s1:∞∼P [R0 | s0 = s] , Qπ(s,a) ≜ Ea0:∞∼πθ,s1:∞∼P [R0 | s0 = s, a0 = a] .

The V-function indicates the value of being in state s, while the Q-function indicates how valuable the
joint action a is at state s. Then, the advantage function is defined as Aπ(s,a) ≜ Qπ(s,a)−V π(s),
which quantifies how much better or worse the joint action a is compared to the average joint action
at state s. Following these definitions, a key theorem enabling the transition to MARFT is the
Multi-Agent Advantage Decomposition Theorem as shown in (1) below.

Theorem 1 (Multi-Agent Advantage Decomposition Theorem (Kuba et al., 2021)). For any
predefined permutation of n agents, for any state s ∈ S and joint action a ∈ A, the following always
holds:

Aπ(s,a1:n) =

n∑
m=1

Aπ(s,a1:m−1,am), (1)

4
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This theorem reveals that if an agent is aware of the actions taken by its predecessors, maximizing
the agent’s local advantage is equivalent to maximizing the joint advantage. It provides a theoretical
foundation to reformulate the problem as an SM task, similar to MAT (Wen et al., 2022), but MARFT
aligns more naturally with the characteristics of LaMAS, making it a better-suited choice under
dynamic organization.

Furthermore, in Table 1, we summarize the nuanced but critical distinctions between traditional MARL
and MARFT, largely arising from LaMAS unique characteristics, such as action asynchronicity, agent
profiles, and dynamic organizations etc. Detailed explanations are provided in Appendix C.

Table 1: Differences between MARFT and traditional MARL.

MARL MARFT
Execution Asynchronicity Synchronous Asynchronous
Utilities Task-specific only Agentic with original language ability
Agent Identity Unspecified, usually id Specified profiles
Heterogeneity Parameters In-out formats, externals, parameters
System Organization Static Dynamic
Optimization Space Small Large and variable

MARFT is designed to tackle the difficulties. To generally optimize the LaMAS regardless of the
highly dynamic workflow or organization, MARFT reframes the problem as a sequential decision-
making problem despite the dynamic organization. It preserves pretrained utilities by applying
clipping, preventing excessive policy drift. Agent profiles are encoded to activate specific capabilities,
and no modality assumptions are made, as all agent actions are expressed in tokens from their
respective vocabularies.

4 MULTI-AGENT REINFORCEMENT FINE-TUNING

Building on the formulations outlined in the previous section, we now turn to the core methodologies
that enable MARFT to address the unique challenges of optimizing LaMAS. Inheriting the SM-style
re-modeling via the multi-agent advantage decomposition theorem introduced in the last section,
MARFT follows the procedure demonstrated in Figure 3. Given any organizational or task-solving
workflow of a LaMAS, theorem (1) allows MARFT to reframe it as a sequential decision-making
process. When collecting interactive trajectories, the LaMAS generates actions with an auto-regressive
problem-solving style. The "encoder" constructs local roll-out states using agent profiles and other
relevant information, while the "decoder" combines these states with dependent predecessors’ actions
to generate the current agent’s action am ∼ pπm(am|s, a1:m−1).

MARFT-A To instantiate the framework, we further present Action-level MARFT (MARFT-A), a
variant designed for targeted, action-level policy optimization in LaMAS. During training, MARFT-A
adopts an optimization objective in (2)1. Notably, in MARFT-A, each agent optimizes within a trust
region conditioned on predecessor actions, akin to MAT, thus ensuring monotonic improvement as in
HAPPO’s sequential update scheme.

L(θ) =
1

nT

n∑
i=1

T−1∑
t=0

min
[
rm
t (θ)Ât, clip (rm

t (θ), 1± ϵ) Ât

]
, (2)

where rm
t (θ) =

πm
θm

(
am
t |st, â1:m−1

t

)
πm
θmold

(
am
t |st, â1:m−1

t

) .
MARFT-T On top of the credit assignment of each agent on its action, we can also give a more
fine-grained credit assignment by naturally treating every token as an action, leading to another token-
level instantiation of MARFT named MARFT-T. In this situation, we need to define the token-level

1Our current MARFT instantiation employs a sequential decision-making process for scalability. Extending
it to handle the parallel rollouts permitted by Flex-MG (i.e., a general DAG structure) would necessitate a more
complex optimization objective to tackle off-policy problems, which we leave as a direction for future work.
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Figure 3: The procedure of Multi-Agent Reinforcement Fine-Tuning. Inference and training are
conducted in an alternating manner. When the LaMAS is interacting with the environment and
generating trajectories, the trajectory data will be stored in a ReplayBuffer. Then, during training,
the data will be used to compute the values for optimization. The Central Critic Head is an extra
trainable multilayer perceptron (MLP) with parameters ϕ to map the hidden vectors output by the
frozen transformer module to specific values. Since each agent has its own role, when insti is the
agent’s specific system prompt/profile.

multi-agent state value functions as

V π
(
st,a

i−1
t , wi,j−1

t

)
:= Eτ∼pπ(τ |st,ai−1

t ,wi,j−1
t )

[ ∞∑
k=t

γk−tRk(sk,ak)|st,ai−1
t , wi,j−1

t

]
.

And then the token-level Bellman backup can be spontaneously derived as

V π(st,a
i−1
t , wi,1:j

t )←


0 + γV π(st,a

1:i−1
t , wi,1:j+1

t ) if j < |ai
t|

0 + γV π(st,a
1:i
t , wi+1,1

t ) if j = |ai
t| & i < n

R(st,a
1:i
t ) + γV π(st+1,a

1:i
t , ∅) if j = |ai

t| & i = n

.

This type of modified token-level Bellman backup guides the computations of TD errors and the
advantages of tokens, thereby leading to token-level value training and policy optimization. In the
context of the MARFT-T approach, each token is treated as an individual action, thereby introducing
a new MG formulation, where the reward function is highly sparse and assigns zero rewards to all
intermediate tokens and preceding agents, with the reward being allocated solely to the final token
of the entire multi-agent system. Although this sparsity in the reward signal poses challenges for
learning the value function, it significantly reduces the optimization complexity from O

(
|V|L

)
to

O (|V| × L), which is discussed in Appendix C. However, due to the introduction of the different
MG, MARFT-T optimizes inconsistently with the original optimization problem (Wen et al., 2024b).
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5 EXPERIMENTS

To verify the effectiveness and superiority of the MARFT paradigm, we conduct a comprehensive
evaluation. We first present the main results, comparing MARFT against the representative and
state-of-the-art method MAPoRL (Park et al., 2025) (Independent PPO) to demonstrate its stability
and performance advantages. Subsequently, we provide ablation studies and analysis, delving into
the learning dynamics and the impact of different LaMAS organizations (e.g., SOLO, DUO, TRIO) to
validate the internal mechanisms of MARFT. More experiment details are presented in Appendix D.

5.1 SETUPS

Task Environments The environments are supported by specific datasets and reset by randomly
sampling a (problem, answer, or test cases) pair. The LaMAS takes actions, and the environment
verifier checks the correctness. The reward in the math problem-solving environment is 1 for correct
answers and 0 otherwise, and the reward in the coding environment is the test case pass rate.

Datasets and Benchmarks We use CodeForces (Penedo et al., 2025) for coding experiments.
For math problem-solving, we use AIME 1983-2024 for the main comparison experiments, and
MATH (Hendrycks et al., 2021) and CMATH (Wei et al., 2023) for detailed ablation and dynamics
analysis.

Base Model and LaMAS Setups We utilize the Qwen2.5 series (Yang et al., 2024a; Hui et al.,
2024) as base models. In the main experiments, we train Qwen2.5-3B-Instruct on AIME and
Qwen2.5-7B-Instruct on CodeForces, and in the ablation studies, We use Qwen2.5-Coder-3B-Instruct
for math dynamics (MATH/CMATH) and Qwen2.5-3B-Instruct for coding dynamics. Additionally,
we explore different LaMAS setups: SOLO (single-agent), DUO (Reasoner→ Actor/Coder), and
TRIO (Reasoner→ Coder→ Reviewer). Each agent is equipped with a dedicated LoRA adapter.
Profile configurations are detailed in Appendix D.3.

5.2 COMPARISON WITH REPRESENTATIVE METHODS OF TUNING LAMAS

To demonstrate the superiority of MARFT, we compare it against MAPoRL (Park et al., 2025), a
representative algorithm for tuning LaMAS. Since MAPoRL is fundamentally built upon Independent
PPO (IPPO), where each agent maintains an individual critic and is trained independently, we adopt
IPPO as the baseline.

Baselines Setup Due to the inner nature of synchronous action in IPPO, a multi-agent debate-like
LaMAS organization, i.e., each agent directly gives the answer, is used. Following MAPoRL’s
alignment, the reward for agent i on math problems is ri = 1

2 I(a
i = y) + 1

2n

∑n
k=1 I(ak = y),

and for coding problems is ri = 1
2PassRate(ai) + 1

2n

∑n
k=1 PassRate(ak), capturing both direct

performance and team contribution.

Training Dynamics Figure 4 illustrates the team reward curves during MARFT and IPPO training.

In the coding scenario, both methods initially show performance improvements. However, IPPO
suffers from severe instability and catastrophic performance collapse after approximately 150 steps,
indicated by the sharp drop in reward and exploding variance. In contrast, MARFT maintains a robust
upward trend throughout the training process, demonstrating superior stability.

On the AIME environment, MARFT demonstrates consistent learning, contrasting with IPPO’s
stagnation. Although MARFT initially lags due to the temporary bottleneck of an unoptimized
Reasoner, joint optimization enables rapid adaptation, allowing it to surpass IPPO after 300 steps
and achieve superior convergence. These results empirically validate that MARFT’s sequential
decision-making pattern and multi-agent trust region learning effectively mitigate non-stationarity,
whereas IPPO inherently lacks convergence guarantees (Tan, 1993).

Evaluation Results Table 2 presents the quantitative evaluation results on the test sets. We observe
that MARFT-A outperforms the MAPoRL (IPPO) baseline on both benchmarks. Specifically, on
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(a) Reward curves on CodeForces. (b) Reward curves on AIME.

Figure 4: Reward curves of MARFT-A and MAPoRL (IPPO).

the CodeForces benchmark, MARFT-A achieves a score of 48.74, significantly surpassing IPPO by
over 6 points. On the AIME benchmark, MARFT-A also demonstrates better performance (12.14%
vs. 10.92%). Notably, MARFT-A exhibits a much lower standard error (±0.56) compared to IPPO
(±1.27). These findings underscore MARFT-A’s ability to achieve not only higher performance but
also greater stability than the baseline.

Table 2: Evaluation results of MARFT-A and MAPoRL (IPPO).

Benchmarks MAPoRL (IPPO) MARFT-A

CodeForces 42.28± 0.56 48.74± 1.05
AIME 10.92± 1.27 12.14± 0.56

Furthermore, the results highlight the distinct suitability of different tasks for multi-agent systems.
Mathematical reasoning often relies on atomic, linear logic that may not benefit from explicit
decomposition, so we don’t see much benefit coming out of multi-agent formulation. In contrast,
coding inherently involves a clear division of labor (planning, coding, etc.) and a sequential decision-
making process. This structural alignment makes coding a more compatible domain for the multi-
agent paradigm than math, allowing MARFT to fully leverage its capabilities. Moreover, this
preliminarily proves that MARFT is more scalable when applied to more complicatedly organized
LaMAS for more agentic tasks.

5.3 ABLATION STUDIES AND ANALYSIS

Having established the superiority of MARFT over independent training methods, we now analyze
the internal learning dynamics and the impact of different LaMAS configurations, and also conduct
an ablation experiment on optimization granularity.

5.3.1 LEARNING DYNAMICS

Figure 5 shows the training dynamics of MARFT-A of DUO in environments supported by MATH and
CMATH. The episodic return (ER) is the correctness of solving the math problem. The average step
reward (ASR) is calculated by dividing the episodic return by the steps taken to solve the problem.

We observe that in math problem-solving environments, the episodic return exhibits a clear improve-
ment up to about 8 p.p.2 (~18.45%). However, during the early stages of training, the episodic return
demonstrates noticeable oscillations. This instability can be explained by the behavior of the value
loss, which display high losses during the initial phase. Besides, we observe a constant improvement
in average step reward, which means DUO not only tries to achieve high episodic return but also
learns to solve the problem more efficiently.

Figure 6 shows the training dynamics of MARFT-A of DUO and TRIO in coding environments built
by CodeForces. We observe that the scores undergo a certain oscillation in the beginning and then
increase stably from about 220 to about 260 (~18.18%) and 280 (~27.27%) respectively for DUO and
TRIO.

2p.p. is the abbreviation for percentage points.
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(a) ER (MATH) (b) ASR (MATH)

(c) ER (CMATH) (d) ASR (CMATH)

Figure 5: Learning dynamics of MARFT-A of DUO on MATH
and CMATH.

(a) DUO

(b) TRIO

Figure 6: Learning dynamics on
CodeForces.

5.3.2 EVALUATION RESULTS ANALYSIS

On top of the learning dynamics of MARFT-A in the environment supported by the train sets, we
also conduct evaluations on the test sets. Table 3 presents the performance of SOLO, DUO, and
MARFT-A-tuned DUO on the MATH500, CMATH, and GSM8K test sets, including in-domain and
out-of-domain assessments. And Table 4 gives a comparison of total scores between vanilla LaMAS
and the MARFT-A-tuned ones on the test set.

Table 3: Evaluation results (in percentages) of SOLO, DUO and MARFT-A-tuned DUO on mathemat-
ical benchmarks. MARFT-A DUO-MATH and MARFT-A DUO-CMATH mean MARFT-A-tuned
DUO in the environments supported by MATH train set and CMATH train set.

Benchmarks SOLO DUO
MARFT-A

DUO-MATH DUO-CMATH

MATH500 36.44± 1.35 43.9± 1.09 47.14± 1.31 47.18± 0.10
CMATH 80.24± 0.62 79.00± 0.98 81.26± 0.55 81.82± 0.85
GSM8K 68.45± 1.68 74.23± 0.63 77.24± 0.94 76.76± 0.55

SOLO vs. Multi-Agent For mathematical tasks, by comparing SOLO and DUO, we observe
that DUO significantly outperforms SOLO on the MATH500 benchmark by approximately 7.5 p.p.
(~20.58%). However, their performance is comparable on CMATH and GSM8K, likely because these
datasets consist of relatively simpler problems. In such cases, a more complex solving process may
hinder performance. These results suggest that a LaMAS like DUO is more effective than a single
agent in solving complex mathematical problems. For coding tasks, SOLO and DUO perform close to
each other, but TRIO falls behind by about one point, which proves that overcomplicating a system
for a task with modest difficulty can harm the system’s performance.

Table 4: Evaluation results of SOLO, DUO, TRIO,
and the MARFT-A-tuned ones on CodeForces.

Setup Vanilla MARFT-A

SOLO 27.21± 2.84 28.92± 2.07
DUO 27.45± 1.60 31.50± 1.16
TRIO 26.58± 2.47 28.39± 1.58

Vanilla vs. MARFT-A In mathematical tasks,
MARFT-A improves DUO by ~3 p.p. in-domain
while demonstrating strong cross-lingual gen-
eralization: DUO-CMATH scores 47.18% on
MATH500, and DUO-MATH reaches 81.26% on
CMATH. Consistently improved performance on
GSM8K further confirms MARFT’s ability to fos-
ter robust generalization. In coding, MARFT-A
boosts DUO by ~4 points (~14.75%), outperform-
ing the tuned SOLO by ~2.5 points. Even for the suboptimal TRIO setup, MARFT-A yields a ~2-point
gain (~6.81%), validating its effectiveness regardless of architectural complexity.
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5.3.3 OPTIMIZATION GRANULARITY

Figure 7 (Supplementary Figure 8 in Appendix) shows the performance of MARFT-A and MARFT-T
while fine-tuning DUO, in mathematical environments. From both subfigures, we see that MARFT-A
is overall better than MARFT-T. Specifically, MARFT-A achieves a higher episodic return than
MARFT-T in the end and has a more stable and faster improvement. This kind of superiority of
MARFT-A over MARFT-T can be theoretically deduced from the inconsistency of their optimality,
which is caused by the different MG (Wen et al., 2024b).

(a) ER (MATH). (b) ER (CMATH).

Figure 7: Curves of episodic return of MARFT-A and MARFT-T while fine-tuning DUO.

6 CONCLUSION

In this work, we propose MARFT, a groundbreaking paradigm that pushes the extension of MARL
principles to general LaMAS. Unlike prior approaches that rely on static supervision or homogeneous
agent design, MARFT treats LaMAS as a dynamic, heterogeneous collective that learns through
experience-driven interaction. By formalizing the Flex-MG and employing a sequential optimization
paradigm rooted in the Multi-Agent Advantage Decomposition Theorem, MARFT enables scalable,
fine-grained reinforcement fine-tuning in complex, real-world agentic environments. Empirically,
comparative analyses against representative methods like MAPoRL (IPPO) highlight MARFT’s
superior stability and performance, validating its robustness over independent training methods.
Furthermore, extensive experiments on mathematical and coding tasks demonstrate the general
effectiveness of MARFT’s instantiated algorithms and the impact of LaMAS configurations. This
work truly represents a significant step toward aligning RFT with the nuanced architecture of LaMAS,
paving the way for more adaptive, collaborative, and autonomous LLM agent ecosystems.

7 LIMITATIONS AND FUTURE WORK

Limitations Despite the advantages and potential of MARFT, both academia and industry face
significant challenges that hinder the development of more effective MARFT algorithms. First, there
is an urgent need for a comprehensive, real-world-like multi-agent benchmark. Existing mathematical
and coding scenarios are relatively narrow in scope, often allowing a single competent agent to
solve tasks independently, which diminishes the relevance of LaMAS and MARFT in such settings.
More complex environments tailored for LaMAS with truly agentic and collaborative tasks are
essential, yet currently absent. Moreover, large-scale MARFT demands rapid and parallel rollout
mechanisms to gather sufficient trajectories for optimization. A lack of sufficient trajectories can lead
to high variance and instability during training, ultimately resulting in slow convergence. A complete,
efficient, and effective codebase for MARFT is urgently needed to extensively scale up environments,
agent population, model size, etc.

Future Work In light of these limitations and challenges, future research should focus on develop-
ing LaMAS-oriented benchmarks that emulate real-world environments and thoroughly evaluate the
agentic capabilities of LaMAS. Moreover, optimizing the existing codebase and framework to support
large-scale training is essential. This would further enable more effective MARFT implementation,
e.g., by fine-tuning agents for complex, mainstream agentic workflows like CAMEL-OWL. Handling
such workflows, which often feature parallel interactions better represented as Directed Acyclic
Graphs (DAGs), would necessitate an evolution of the current algorithm, marking a promising avenue
for future work. This approach is feasible as the MARFT paradigm is decoupled from any specific
LaMAS architecture. Such optimizations would also significantly accelerate progress in conducting
experiments with more agents to discover a potential Agent Scaling Law.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

REFERENCES

CAMEL-AI.org. Owl: Optimized workforce learning for general multi-agent assistance in real-world
task automation. https://github.com/camel-ai/owl, 2025. Accessed: 2025-03-07.

Thomas Carta, Clément Romac, Thomas Wolf, Sylvain Lamprier, Olivier Sigaud, and Pierre-Yves
Oudeyer. Grounding large language models in interactive environments with online reinforcement
learning. In Andreas Krause, Emma Brunskill, Kyunghyun Cho, Barbara Engelhardt, Sivan
Sabato, and Jonathan Scarlett (eds.), Proceedings of the 40th International Conference on Machine
Learning, volume 202 of Proceedings of Machine Learning Research, pp. 3676–3713. PMLR,
23–29 Jul 2023. URL https://proceedings.mlr.press/v202/carta23a.html.

Mert Cemri, Melissa Z. Pan, Shuyi Yang, Lakshya A. Agrawal, Bhavya Chopra, Rishabh Tiwari,
Kurt Keutzer, Aditya Parameswaran, Dan Klein, Kannan Ramchandran, Matei Zaharia, Joseph E.
Gonzalez, and Ion Stoica. Why do multi-agent llm systems fail?, 2025. URL https://arxiv.
org/abs/2503.13657.

Wei Chen, Zhiyuan Li, and Mingyuan Ma. Octopus: On-device language model for function calling
of software apis, 2024. URL https://arxiv.org/abs/2404.01549.

K. R. Chowdhary. Natural Language Processing, pp. 603–649. Springer India, New Delhi, 2020.
ISBN 978-81-322-3972-7. doi: 10.1007/978-81-322-3972-7_19. URL https://doi.org/
10.1007/978-81-322-3972-7_19.

Haixing Dai, Yiwei Li, Zhengliang Liu, Lin Zhao, Zihao Wu, Suhang Song, Ye Shen, Dajiang Zhu,
Xiang Li, Sheng Li, Xiaobai Yao, Lu Shi, Quanzheng Li, Zhuo Chen, Donglan Zhang, Gengchen
Mai, and Tianming Liu. Ad-autogpt: An autonomous gpt for alzheimer’s disease infodemiology,
2023. URL https://arxiv.org/abs/2306.10095.

Shangheng Du, Jiabao Zhao, Jinxin Shi, Zhentao Xie, Xin Jiang, Yanhong Bai, and Liang He. A
survey on the optimization of large language model-based agents, 2025. URL https://arxiv.
org/abs/2503.12434.

Will Epperson, Gagan Bansal, Victor Dibia, Adam Fourney, Jack Gerrits, Erkang Zhu, and Saleema
Amershi. Interactive debugging and steering of multi-agent ai systems. 2025. doi: 10.1145/
3706598.3713581.

Lutfi Eren Erdogan, Nicholas Lee, Siddharth Jha, Sehoon Kim, Ryan Tabrizi, Suhong Moon, Coleman
Hooper, Gopala Anumanchipalli, Kurt Keutzer, and Amir Gholami. Tinyagent: Function calling at
the edge, 2024. URL https://arxiv.org/abs/2409.00608.

Chrisantha Fernando, Dylan Banarse, Henryk Michalewski, Simon Osindero, and Tim Rocktäschel.
Promptbreeder: Self-referential self-improvement via prompt evolution, 2023. URL https:
//arxiv.org/abs/2309.16797.

Jakob Foerster, Gregory Farquhar, Triantafyllos Afouras, Nantas Nardelli, and Shimon Whiteson.
Counterfactual multi-agent policy gradients. Proceedings of the AAAI Conference on Artificial
Intelligence, 32(1), Apr. 2018. doi: 10.1609/aaai.v32i1.11794. URL https://ojs.aaai.
org/index.php/AAAI/article/view/11794.

Juraj Gottweis, Wei-Hung Weng, Alexander Daryin, Tao Tu, Anil Palepu, Petar Sirkovic, Artiom
Myaskovsky, Felix Weissenberger, Keran Rong, Ryutaro Tanno, Khaled Saab, Dan Popovici,
Jacob Blum, Fan Zhang, Katherine Chou, Avinatan Hassidim, Burak Gokturk, Amin Vahdat,
Pushmeet Kohli, Yossi Matias, Andrew Carroll, Kavita Kulkarni, Nenad Tomasev, Yuan Guan,
Vikram Dhillon, Eeshit Dhaval Vaishnav, Byron Lee, Tiago R D Costa, José R Penadés, Gary
Peltz, Yunhan Xu, Annalisa Pawlosky, Alan Karthikesalingam, and Vivek Natarajan. Towards an
ai co-scientist, 2025. URL https://arxiv.org/abs/2502.18864.

Taicheng Guo, Xiuying Chen, Yaqi Wang, Ruidi Chang, Shichao Pei, Nitesh V. Chawla, Olaf Wiest,
and Xiangliang Zhang. Large language model based multi-agents: A survey of progress and
challenges. In Kate Larson (ed.), Proceedings of the Thirty-Third International Joint Conference
on Artificial Intelligence, IJCAI-24, pp. 8048–8057. International Joint Conferences on Artificial
Intelligence Organization, 8 2024. doi: 10.24963/ijcai.2024/890. URL https://doi.org/
10.24963/ijcai.2024/890. Survey Track.

11

https://github.com/camel-ai/owl
https://proceedings.mlr.press/v202/carta23a.html
https://arxiv.org/abs/2503.13657
https://arxiv.org/abs/2503.13657
https://arxiv.org/abs/2404.01549
https://doi.org/10.1007/978-81-322-3972-7_19
https://doi.org/10.1007/978-81-322-3972-7_19
https://arxiv.org/abs/2306.10095
https://arxiv.org/abs/2503.12434
https://arxiv.org/abs/2503.12434
https://arxiv.org/abs/2409.00608
https://arxiv.org/abs/2309.16797
https://arxiv.org/abs/2309.16797
https://ojs.aaai.org/index.php/AAAI/article/view/11794
https://ojs.aaai.org/index.php/AAAI/article/view/11794
https://arxiv.org/abs/2502.18864
https://doi.org/10.24963/ijcai.2024/890
https://doi.org/10.24963/ijcai.2024/890


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Nicolas Heess, Dhruva TB, Srinivasan Sriram, Jay Lemmon, Josh Merel, Greg Wayne, Yuval Tassa,
Tom Erez, Ziyu Wang, S. M. Ali Eslami, Martin Riedmiller, and David Silver. Emergence of
locomotion behaviours in rich environments, 2017. URL https://arxiv.org/abs/1707.
02286.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn Song,
and Jacob Steinhardt. Measuring mathematical problem solving with the math dataset, 2021. URL
https://arxiv.org/abs/2103.03874.

Sirui Hong, Mingchen Zhuge, Jonathan Chen, Xiawu Zheng, Yuheng Cheng, Jinlin Wang, Ceyao
Zhang, Zili Wang, Steven Ka Shing Yau, Zijuan Lin, Liyang Zhou, Chenyu Ran, Lingfeng
Xiao, Chenglin Wu, and Jürgen Schmidhuber. MetaGPT: Meta programming for a multi-agent
collaborative framework. In The Twelfth International Conference on Learning Representations,
2024. URL https://openreview.net/forum?id=VtmBAGCN7o.

Dong Huang, Jie M. Zhang, Michael Luck, Qingwen Bu, Yuhao Qing, and Heming Cui. Agentcoder:
Multi-agent-based code generation with iterative testing and optimisation, 2024. URL https:
//arxiv.org/abs/2312.13010.

Binyuan Hui, Jian Yang, Zeyu Cui, Jiaxi Yang, Dayiheng Liu, Lei Zhang, Tianyu Liu, Jiajun Zhang,
Bowen Yu, Kai Dang, et al. Qwen2. 5-coder technical report. arXiv preprint arXiv:2409.12186,
2024.

Haolin Jin, Linghan Huang, Haipeng Cai, Jun Yan, Bo Li, and Huaming Chen. From llms to llm-
based agents for software engineering: A survey of current, challenges and future, 2024. URL
https://arxiv.org/abs/2408.02479.

Omar Khattab, Arnav Singhvi, Paridhi Maheshwari, Zhiyuan Zhang, Keshav Santhanam, Sri Vard-
hamanan, Saiful Haq, Ashutosh Sharma, Thomas T. Joshi, Hanna Moazam, Heather Miller,
Matei Zaharia, and Christopher Potts. Dspy: Compiling declarative language model calls into
self-improving pipelines. 2024.

Jakub Grudzien Kuba, Muning Wen, Linghui Meng, shangding gu, Haifeng Zhang, David Mguni,
Jun Wang, and Yaodong Yang. Settling the variance of multi-agent policy gradients. In
M. Ranzato, A. Beygelzimer, Y. Dauphin, P.S. Liang, and J. Wortman Vaughan (eds.), Ad-
vances in Neural Information Processing Systems, volume 34, pp. 13458–13470. Curran Asso-
ciates, Inc., 2021. URL https://proceedings.neurips.cc/paper_files/paper/
2021/file/6fe6a8a6e6cb710584efc4af0c34ce50-Paper.pdf.

Jakub Grudzien Kuba, Ruiqing Chen, Muning Wen, Ying Wen, Fanglei Sun, Jun Wang, and Yaodong
Yang. Trust region policy optimisation in multi-agent reinforcement learning. In International
Conference on Learning Representations, 2022. URL https://openreview.net/forum?
id=EcGGFkNTxdJ.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
Heinrich Küttler, Mike Lewis, Wen tau Yih, Tim Rocktäschel, Sebastian Riedel, and Douwe
Kiela. Retrieval-augmented generation for knowledge-intensive nlp tasks, 2021. URL https:
//arxiv.org/abs/2005.11401.

Qiqiang Lin, Muning Wen, Qiuying Peng, Guanyu Nie, Junwei Liao, Jun Wang, Xiaoyun Mo, Jiamu
Zhou, Cheng Cheng, Yin Zhao, Jun Wang, and Weinan Zhang. Robust function-calling for on-
device language model via function masking. In The Thirteenth International Conference on Learn-
ing Representations, 2025. URL https://openreview.net/forum?id=yVQcr4qjD6.

Ryan Lowe, Yi Wu, Aviv Tamar, Jean Harb, Pieter Abbeel, and Igor Mordatch. Multi-agent actor-
critic for mixed cooperative-competitive environments. Neural Information Processing Systems
(NIPS), 2017.

Junyu Luo, Weizhi Zhang, Ye Yuan, Yusheng Zhao, Junwei Yang, Yiyang Gu, Bohan Wu, Binqi
Chen, Ziyue Qiao, Qingqing Long, Rongcheng Tu, Xiao Luo, Wei Ju, Zhiping Xiao, Yifan Wang,
Meng Xiao, Chenwu Liu, Jingyang Yuan, Shichang Zhang, Yiqiao Jin, Fan Zhang, Xian Wu,
Hanqing Zhao, Dacheng Tao, Philip S. Yu, and Ming Zhang. Large language model agent: A
survey on methodology, applications and challenges, 2025. URL https://arxiv.org/abs/
2503.21460.

12

https://arxiv.org/abs/1707.02286
https://arxiv.org/abs/1707.02286
https://arxiv.org/abs/2103.03874
https://openreview.net/forum?id=VtmBAGCN7o
https://arxiv.org/abs/2312.13010
https://arxiv.org/abs/2312.13010
https://arxiv.org/abs/2408.02479
https://proceedings.neurips.cc/paper_files/paper/2021/file/6fe6a8a6e6cb710584efc4af0c34ce50-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2021/file/6fe6a8a6e6cb710584efc4af0c34ce50-Paper.pdf
https://openreview.net/forum?id=EcGGFkNTxdJ
https://openreview.net/forum?id=EcGGFkNTxdJ
https://arxiv.org/abs/2005.11401
https://arxiv.org/abs/2005.11401
https://openreview.net/forum?id=yVQcr4qjD6
https://arxiv.org/abs/2503.21460
https://arxiv.org/abs/2503.21460


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Hao Ma, Tianyi Hu, Zhiqiang Pu, Boyin Liu, Xiaolin Ai, Yanyan Liang, and Min Chen. Coevolving
with the other you: Fine-tuning llm with sequential cooperative multi-agent reinforcement learning.
In A. Globerson, L. Mackey, D. Belgrave, A. Fan, U. Paquet, J. Tomczak, and C. Zhang (eds.),
Advances in Neural Information Processing Systems, volume 37, pp. 15497–15525. Curran Asso-
ciates, Inc., 2024. URL https://proceedings.neurips.cc/paper_files/paper/
2024/file/1c2b1c8f7d317719a9ce32dd7386ba35-Paper-Conference.pdf.

Grégoire Mialon, Clémentine Fourrier, Thomas Wolf, Yann LeCun, and Thomas Scialom. GAIA:
a benchmark for general AI assistants. In The Twelfth International Conference on Learning
Representations, 2024. URL https://openreview.net/forum?id=fibxvahvs3.

Simon Nakibinge, Yongrui Liu, Qiang Gao, and Griffiths Anusu Luyali. Ppo improvement in different
environments. In 2024 3rd International Conference on Electronics and Information Technology
(EIT), pp. 783–788, 2024. doi: 10.1109/EIT63098.2024.10762021.

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L. Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, John Schulman, Jacob Hilton, Fraser Kelton,
Luke Miller, Maddie Simens, Amanda Askell, Peter Welinder, Paul Christiano, Jan Leike, and
Ryan Lowe. Training language models to follow instructions with human feedback, 2022. URL
https://arxiv.org/abs/2203.02155.

Chanwoo Park, Seungju Han, Xingzhi Guo, Asuman Ozdaglar, Kaiqing Zhang, and Joo-Kyung Kim.
Maporl: Multi-agent post-co-training for collaborative large language models with reinforcement
learning, 2025. URL https://arxiv.org/abs/2502.18439.

Guilherme Penedo, Anton Lozhkov, Hynek Kydlíček, Loubna Ben Allal, Edward Beeching,
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A THE USE OF LARGE LANGUAGE MODELS

We employed large language models (LLMs) solely to polish the writing of this paper, such as
improving grammar, clarity, and readability. The models were not used for generating original ideas,
experiments, analyses, or results. All scientific contributions, methods, and conclusions presented in
the paper are entirely the work of the authors.

B MARFT-A ALGORITHM DETAILS

Algorithm 1: Action-level Multi-Agent Reinforcement Fine-Tuning (MARFT-A)

Input: Agent population n, agent profiles insti, the initial joint policy πθ0
with parameters θi0

for each policy πi
θi , initial parameters ϕ0 for the critic network Vϕ, hyper-parameters

including maximum interaction steps T in one roll-out, clip parameter ϵ, discount factor
γ, GAE λ, etc.

Output: Optimized joint policy π and critic network ϕ
1 initialize policy πθ ← πθ0 , critic network Vϕ ← Vϕ0 and buffer D ← ∅
2 for episode = 0, . . . do
3 for t = 0, . . . , T − 1 do
4 collect st
5 for i = 1, . . . , n do
6 generate action ai ∼ pπi

θi
(ai|s,a1:i−1)

7 end
8 st+1 ∼ T (·|st,at)
9 rt = R(st,at)

10 D ← D ∪ {(st,at, rt, st+1)}
11 end
12 compute advantage estimate Â via GAE and compute value network target V̂ in D
13 for n epoches do
14 sample a batch B = {(st,at, rt, st+1, Â, V̂ )} ∼ D

15 update ϕ by minimizing
∑N

n=1

∥∥∥Vϕ(sn)− V̂n

∥∥∥2
16 update θ by maximizing the objective (2)
17 end
18 end

C DETAILED EXPLANATIONS OF THE DIFFERENCES BETWEEN MARL AND
MARFT

Execution Asynchronicity. One of the most significant differences between conventional MARL
and MARFT is the nature of agent actions. In traditional cooperative MARL, agents typically act
simultaneously. However, in MARFT, actions of agents often execute asynchronously. In some cases,
the actions of certain agents may even depend on the outcomes of other agents’ actions’ execution. For
example, in a collaborative coding assistant system, one LLM agent generates a function prototype,
and another agent asynchronously refines it based on the first agent’s output, demonstrating both
asynchronicity and result dependency. As a result, conventional MARL methods, which assume
synchronous actions, may not be directly applicable or effective in LLM-based multi-agent systems.

Utilities. Unlike agents in typical MARL problems, LLMs are initially designed for language
processing rather than specific agentic tasks. However, the value- or reward-guided nature of RL
means that when using value-based RL algorithms to optimize or extract policies, the derived optimal
policy often prioritizes actions that maximize the value function. This can lead to policies that
generate high-reward actions or tokens but are incomprehensible to humans. Though some attempts
to extract a policy together with entropy regularization have been made to improve its agentic
intelligence without harming the text capability (Wen et al., 2024a), it is still a point that requires
additional attention when we try to implement value-based methods to optimize LLMs.
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Characteristic Profiles. The transition from single-agent to multi-agent systems in typical MARL
benchmarks, such as Multi-Agent MuJoCo, often involves splitting a single agent into multiple
components without additional modifications. In contrast, LLMs require a more nuanced approach.
When decomposing tasks into orthogonal sub-tasks, each LLM agent needs a profile to define its
role and capabilities, enabling it to generate actions consistent with its assigned character. This
profile can be human-specified or learned by the agent through natural evolution. Consequently,
the joint observation space in MARFT is augmented with profiles, taking the form [agent profile
+ environment state (+ agent-specific instruction)]. This modification is crucial when designing a
MARL training framework.

Heterogeneity. In conventional MARL benchmarks, heterogeneity is typically characterized by
differences in agent structures and non-parameter-sharing schemes. However, LLM-based systems
introduce a higher level of complexity. First, LLMs themselves can vary significantly in terms of
model structures, parameters, input and output formats (e.g., LLMs vs. Vision-Language Models),
and vocabularies. Second, agents may have access to different external tools or devices, reflecting
real-world scenarios. For instance, in designing a multi-agent system for a mobile operating system,
some agents may have access to both local and remote search engines, while others may rely on
proprietary databases or tools from other companies. This heterogeneity complicates training, making
it more difficult and unstable.

System Organization. Traditional MARL tasks are often set in static simulated environments.
In contrast, LLM-based multi-agent systems are designed for real-life agentic tasks with higher
uncertainty. These tasks can be decomposed in various ways, leading to different multi-agent systems
with distinct populations and roles. Moreover, agents may exhibit sequential dependencies and
contextual relationships when solving sub-tasks. For example, one agent’s action may depend on
the outcome of another agent’s action. This dynamic organization can be either human-designed or
agent-explored (e.g., through training), adding another layer of complexity to the design process.

Optimization Space. If we take one LLM generation as an action, the observation space is exponen-
tially vast as o ∈ O ⊆ VL, whose complexity is O(|V|L), where V is the vocabulary of the acting
LLM and N is the token length of the generated action, and both of them vary with different acting
LLMs. It makes the value function hard to converge with stability. If we take one token as an action,
the complexity can be reduced to O(|V| × L), but it will become a task with super sparse reward
outcome so that the value function should also be meticulously learned, as L can be extremely large.
This is also reflected in VAPO and is mitigated by value pretraining (Yue et al., 2025). Fortunately,
not all LLM-related tasks face such large optimization spaces. For instance, in embodied AI with
LLMs, predefined actions (e.g., "go to the kitchen," "grab a coffee") are often provided, significantly
narrowing the action space (Carta et al., 2023; Tan et al., 2024).

D EXPERIMENT DETAILS

D.1 MORE EXPERIMENT CURVES

(a) Average Step Reward (MATH). (b) Average Step Reward (CMATH).

Figure 8: Curves of average step reward of MARFT-A and MARFT-T while fine-tuning DUO.
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(a) Episodic Return (MATH). (b) Episodic Return (CMATH).

Figure 9: Curves of episodic return during SOLO MARFT.

D.2 HYPERPARAMETER CONFIGURATIONS FOR EXPERIMENTS

Table 5: Hyperparameter configuration for learning dynamics in Figure 5.

Hyperparameter Value Hyperparameter Value Hyperparameter Value

MAS learning rate 1e-6 critic learning rate 1e-5 use gae True
rollout threads 1 num mini-batch 1 ppo epoch 1
max horizon 2 hidden size 64 episode length 8

optim eps 1e-5 critic loss coef 1 entropy coef 1e-3
gamma 0.99 gae gamma 0.95 max grad norm 0.5

context window 2456 max new tokens 512 clip param 0.2

Table 6: Hyperparameter configuration for learning dynamics in Figure 6.

Hyperparameter Value Hyperparameter Value Hyperparameter Value

MAS learning rate 1e-6 critic learning rate 1e-5 use gae True
rollout threads 4 num mini-batch 1 ppo epoch 1
max horizon 1 hidden size 64 episode length 30

optim eps 1e-5 critic loss coef 1 entropy coef 1e-3
gamma 0.99 gae gamma 0.95 max grad norm 0.5

context window 4096 max new tokens 1024 clip param 0.2

Table 7: Hyperparameter configuration for MARFT-A in Figure 4.

Hyperparameter Value Hyperparameter Value Hyperparameter Value

MAS learning rate 3e-5 critic learning rate 3e-5 use gae True
rollout threads 128 num mini-batch 1 ppo epoch 1

optim eps 1e-8 max new tokens 2048 share critic True
gamma 1.0 context window 32768 clip param 0.2

Table 8: Hyperparameter configuration for IPPO in Figure 4.

Hyperparameter Value Hyperparameter Value Hyperparameter Value

MAS learning rate 3e-5 critic learning rate 3e-5 use gae True
rollout threads 128 num mini-batch 1 ppo epoch 1

optim eps 1e-8 max new tokens 2048 share critic False
gamma 1.0 context window 32768 clip param 0.2
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Table 9: Hyperparameter configuration for MARFT-T in Figure 7.

Hyperparameter Value Hyperparameter Value Hyperparameter Value

MAS learning rate 3e-6 critic learning rate 1e-5 use gae True
rollout threads 1 num mini-batch 1 ppo epoch 1
max horizon 2 hidden size 64 episode length 8

optim eps 1e-5 critic loss coef 1 entropy coef 1e-3
gamma 0.99 gae gamma 0.95 max grad norm 0.5

context window 2456 max new tokens 512 clip param 0.2

Table 10: Hyperparameter configuration for fine-tuning SOLO in Figure 9.

Hyperparameter Value Hyperparameter Value Hyperparameter Value

MAS learning rate 3e-6 critic learning rate 1e-5 use gae True
rollout threads 2 num mini-batch 1 ppo epoch 1
max horizon 2 hidden size 64 episode length 8

optim eps 1e-5 critic loss coef 1 entropy coef 1e-3
gamma 0.99 gae gamma 0.95 max grad norm 0.5

context window 1536 max new tokens 512 clip param 0.2

D.3 PROFILES

For the profiles that define distinct agent characteristics, we have designed two configurations for
math problems and three configurations for coding problems as below:

For math problem-solving scenario:

SOLO (Single-agent) profile:

1 [
2 {
3 "role": "actor",
4 "prompt": "<|im_start|>system: You are the **Actor**, an LLM

agent responsible for solving math problems. Analyze the
problem, determine the optimal solution path, execute
calculations, and provide the final answer within \\boxed
{{}}.<|im_end|>\n",

5 "with_answer": true
6 }
7 ]

DUO (Duo LaMAS) profiles:

1 [
2 {
3 "role": "reasoner",
4 "prompt": "<|im_start|>system: Two LLM agents (Reasoner -> Actor)

collaborate step-by-step to solve math problems. You are the
**Reasoner**: Analyze the original problem, historical

actions, and reflection data (if provided) to determine the
critical next step. Guide the Actor by providing concise
reasoning for the optimal operation.<|im_end|>\n",

5 "with_answer": false
6 },
7 {
8 "role": "actor",
9 "prompt": "<|im_start|>system: Two LLM agents (Reasoner -> Actor)

collaborate step-by-step. You are the **Actor**: Execute
operations using the original problem, action history, and
Reasoner’s guidance. Provide final answer within \\boxed
{{}}.<|im_end|>\n",
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10 "with_answer": true
11 }
12 ]

For coding scenario:

SOLO (Single-agent) profile:

1 [
2 {
3 "role": "coder",
4 "prompt": "<|im_start|>You are the **Coder**: Solve the coding

problem using efficient, correct, and clean Python code.
Handle edge cases, respect problem constraints, and structure
your solution for clarity.\nAlways use Python.<|im_end|>",

5 "with_answer": true,
6 }
7 ]

DUO (Duo LaMAS) profiles:

1 [
2 {
3 "role": "reasoner",
4 "prompt": "<|im_start|>system: Two LLM agents (Reasoner -> Coder)

collaborate to solve Codeforces Python coding problems. You
are the **Reasoner**: Analyze the problem statement,
constraints, and expected behavior. Identify edge cases,
break the problem into logical steps, and suggest an
algorithmic plan. You may include helpful pseudocode, but do
**not** write actual Python code.<|im_end|>",

5 "with_answer": false,
6 },
7 {
8 "role": "coder",
9 "prompt": "<|im_start|>system: Two LLM agents (Reasoner -> Coder)

collaborate to solve Codeforces problems using Python. You
are the **Coder**: Implement the Reasoner’s plan using
efficient, correct, and clean Python code. Handle edge cases,
respect problem constraints, and structure your solution for
clarity.\nAlways use Python.<|im_end|>",

10 "with_answer": true,
11 }
12 ]

TRIO (Trio LaMAS) profiles:

1 [
2 {
3 "role": "reasoner",
4 "prompt": "<|im_start|>system: Three LLM agents (Reasoner ->

Coder -> Reviewer) collaborate to solve Codeforces Python
coding problems.\nYou are the **Reasoner**: Analyze the
problem statement, constraints, and expected behavior.\
nIdentify edge cases, break the problem into logical steps,
and suggest a high-level algorithmic plan.\nYou may include
helpful pseudocode and edge case analysis, but do **not**
write actual Python code.<|im_end|>",

5 "with_answer": false,
6 },
7 {
8 "role": "coder",
9 "prompt": "<|im_start|>system: Three LLM agents (Reasoner ->

Coder -> Reviewer) collaborate to solve Codeforces Python
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coding problems.\nYou are the **Coder**: Implement the
Reasoner’s plan using efficient and correct Python code.\
nHandle edge cases, follow the provided strategy, and ensure
clarity and correctness.\nAlways use Python.\nPlace your
complete solution below the line starting with ’Answer:’.<|
im_end|>",

10 "with_answer": false,
11 },
12 {
13 "role": "reviewer",
14 "prompt": "<|im_start|>system: Three LLM agents (Reasoner ->

Coder -> Reviewer) collaborate to solve Codeforces Python
coding problems.\nYou are the **Reviewer**: Carefully review
the Coder’s solution.\n1. Check for correctness against the
problem and Reasoner’s plan.\n2. Identify and add any missing
test cases, especially edge cases.\n3. Suggest or perform

optimizations if needed (e.g. time or memory improvements).\
n4. Provide a final, polished version of the code if
improvements are made.\nStart your message with ’Review:’,
and include improved Python code (if any) below ’Final Answer
:’.<|im_end|>",

15 "with_answer": true,
16 }
17 ]

E EXTENDED LEARNING DYNAMICS AND EMERGENT BEHAVIORS

E.1 ACCURACY CURVE OF REASONER WHILE FINE-TUNING

We observe an intriguing emergent behavior when training the DUO setup on AIME. Figure 10 tracks
the accuracy of the Reasoner. Although the system prompt explicitly constrains it to "only provide
high-level plans and do not directly provide answers", the agent learns to bypass this instruction and
generate the final answer directly to maximize the team reward. This phenomenon underscores a
fundamental characteristic of RL: optimization is driven strictly by the reward signal, which can often
compromise instruction-following capabilities if deviating from the prompt yields a higher return.

Figure 10: Curve of the accuracy of Reasoner in DUO while being trained using MARFT on AIME.

E.2 CASE STUDIES AND EMERGENT BEHAVIORS

user
Execution time limit: 1.0 seconds
Memory limit: 256.0 MB

# Problem
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Today, Sakurako has a math exam. The teacher gave the array, consisting of $$$a$$$
ones and $$$b$$$ twos.

In an array, Sakurako must place either a ’+’ or a ’-’ in front of each element so
that the sum of all elements in the array equals $$$0$$$.

Sakurako is not sure if it is possible to solve this problem, so determine whether
there is a way to assign signs such that the sum of all elements in the array
equals $$$0$$$.

## Input Format

The first line contains a single integer $$$t$$$ ($$$1\le t\le 100$$$)
-- the number of test cases.

The only line of each test case contains two integers $$$a$$$ and $$$b$$$ ($$$0\le
a, b<10$$$) -- the number of ’1’s and the number of ’2’s in the array.

## Output Format

For each test case, output "Yes" if you can make the sum of the entire array equal
to $$$0$$$, and "No" otherwise.

You can output each letter in any case (lowercase or uppercase). For example, the
strings "yEs", "yes", "Yes", and "YES" will be accepted as a positive answer.

## Examples

‘‘‘input
5
0 1
0 3
2 0
2 3
3 1
‘‘‘

‘‘‘output
NO
NO
YES
YES
NO
‘‘‘

## Note
1. $$$a=0$$$, $$$b=1$$$: This means the array is $$$[2]$$$ -- it is impossible to
add the signs ’+’ or ’-’ to get $$$0$$$ as a result;
2. $$$a=0$$$, $$$b=3$$$: This means the array is $$$[2, 2, 2]$$$ -- it is impossible
to add the signs ’+’ or ’-’ to get $$$0$$$ as a result;
3. $$$a=2$$$, $$$b=0$$$: This means the array is $$$[1, 1]$$$ -- it is possible to
add the signs ’+’ or ’-’ to get $$$0$$$ as a result ($$$+1-1=0$$$);
4. $$$a=2$$$, $$$b=3$$$: This means the array is $$$[1, 1, 2, 2, 2]$$$ -- it is
possible to add the signs ’+’ or ’-’ to get $$$0$$$ as a result ($$$+1+1-2-2+2=0$$$);

Reasoner: ### High-Level Architectural Plan

1. **Input Reading:**

23



1242
1243
1244
1245
1246
1247
1248
1249
1250
1251
1252
1253
1254
1255
1256
1257
1258
1259
1260
1261
1262
1263
1264
1265
1266
1267
1268
1269
1270
1271
1272
1273
1274
1275
1276
1277
1278
1279
1280
1281
1282
1283
1284
1285
1286
1287
1288
1289
1290
1291
1292
1293
1294
1295

Under review as a conference paper at ICLR 2026

- Read the number of test cases, ‘t‘.
- For each test case, read the values of ‘a‘ (number of ’1’s) and ‘b‘
(number of ’2’s).

2. **Check Feasibility:**
- Calculate the total sum of the array without any signs. This is given by
‘3 * b + a‘.
- Determine if this total sum can be split into two equal parts (i.e., if the
total sum is even and ‘b‘ is not too high to make the sum zero).

3. **Conditions for Zero Sum:**
- If the total sum is odd, it is impossible to make the sum zero. Output "NO".
- If the total sum is even, check the following conditions:

- If ‘b‘ is greater than ‘a‘, it is impossible to make the sum zero.
Output "NO".
- If ‘b‘ is less than or equal to ‘a‘, it is possible to make the sum zero.
Output "YES".

4. **Output:**
- For each test case, print "YES" if the sum can be zero, otherwise print "NO".

### Pseudocode
‘‘‘plaintext

// Main Function
for each test case

read a, b
calculate total_sum = 3 * b + a
if total_sum is odd

output "NO"
else if b > a

output "NO"
else

output "YES"
‘‘‘

### Detailed Steps

1. **Read Input:**
- ‘t = read_integer()‘
- for ‘i‘ from 1 to ‘t‘
- ‘a, b = read_integers()‘

2. **Calculate Total Sum:**
- ‘total_sum = 3 * b + a‘

3. **Check Total Sum:**
- ‘if total_sum % 2 != 0‘
- ‘output "NO"‘

- ‘else if b > a‘
- ‘output "NO"‘

- ‘else‘
- ‘output "YES"‘

This plan outlines the logic and control flow needed to solve the problem
efficiently within the given constraints.
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Coder: ‘‘‘python

# Define the main function to handle the logic
def main():

# Read the number of test cases
t = int(input())
# Process each test case
for _ in range(t):

# Read the values of a and b
a, b = map(int, input().split())
# Calculate the total sum
total_sum = 3 * b + a
# Check if the total sum can be zero
if total_sum % 2 != 0:

print("NO")
elif b > a:

print("NO")
else:

print("YES")

# Call the main function
if __name__ == "__main__":

main()
‘‘‘

This code follows the high-level plan provided by the reasoner:
1. It reads the number of test cases.
2. For each test case, it reads the values of ‘a‘ and ‘b‘.
3. It calculates the total sum of the array without any signs.
4. It checks if the total sum can be split into two equal parts and prints "YES" or
"NO" accordingly.
5. The main function is called to execute the logic.
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