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Abstract

A large amount of work has been done in Multi-Agent Sys-
tems (MAS) for modeling and solving problems with multi-
ple interacting agents. However, most LLMs are pretrained
independently and not specifically optimized for coordina-
tion. For example, existing LLM fine-tuning frameworks rely
on individual rewards, which require complex reward de-
signs for each agent to encourage collaboration. To address
this challenge, we model LLM collaboration as a cooper-
ative Multi-Agent Reinforcement Learning (MARL) prob-
lem. We develop a multi-agent, multi-turn algorithm, Multi-
Agent Group Relative Policy Optimization (MAGRPO), to
solve it, building on current RL approaches for LLMs as
well as MARL techniques. Our experiments on LLM writing
and coding collaboration demonstrate that fine-tuning multi-
ple LLMs with MAGRPO enables agents to generate high-
quality responses efficiently through effective cooperation.
Our approach opens the door to using MARL methods for
LLM collaboration and highlights the associated challenges.

Introduction
State-of-the-art LLMs have demonstrated remarkable ca-
pabilities across diverse domains (Grattafiori et al. 2024;
Achiam et al. 2023; Anil et al. 2025). To adapt to specific
applications or align with human preferences, fine-tuning
has emerged as a critical training stage. Compared to su-
pervised fine-tuning, Reinforcement Learning (RL) enables
more generalizable learning for complex, multi-turn tasks
through human-aligned reward design, making it an impor-
tant technique for fine-tuning (Ouyang et al. 2022; Guo et al.
2025; Ziegler et al. 2019).

Likewise, Multi-Agent Systems (MAS) have been ex-
tensively studied over the past decades, with substantial
progress in modeling and solving problems involving multi-
ple agents (Weiss 1999; Van der Hoek and Wooldridge 2008;
Shoham and Leyton-Brown 2009; Stone and Veloso 2000).
In particular, advances in cooperative MAS have demon-
strated strong potential for enabling effective collaboration
in distributed settings, such as games, robotics, and traffic
control (Samvelyan et al. 2019; Vinyals et al. 2017; Berner
et al. 2019; Wiering 2000; Liu et al. 2022; Xiao et al. 2025).
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These developments motivate the application of MAS prin-
ciples and techniques to LLM collaboration, where multiple
LLMs working together can solve more complex tasks more
robustly and efficiently.

There has been some recent work on coordinating multi-
ple LLMs. Some approaches implement coordination at the
inference stage, enabling agents to interact through debate,
discussion, or verification (Du et al. 2023; Wu et al. 2023;
Lifshitz, McIlraith, and Du 2025). These methods operate at
the prompt level, with fixed models that are not tuned toward
coordination-centric objectives. The agents may have con-
flicting answers or spread incorrect information to other par-
ticipants, limiting performance (Cemri et al. 2025; Estornell
and Liu 2024). Moreover, the design of effective prompts
remains difficult and unclear. Other approaches fine-tune
agents independently with individual or role-conditioned re-
wards. However, they require carefully curated rewards for
each individual or role (Slumbers et al. 2024; Liu et al.
2025a; Subramaniam et al. 2025), and, as independent learn-
ing methods, lack convergence guarantees (Tan 1993).

We model LLM collaboration as a cooperative MARL
problem (Albrecht, Christianos, and Schäfer 2024; Amato
2025) and formalize it as a Decentralized Partially Observ-
able Markov Decision Process (Dec-POMDP) (Oliehoek
and Amato 2016). In LLM collaboration, multiple trainable
LLMs generate responses synchronously based on their in-
dividual prompts. The external environment evolves accord-
ing to the joint responses until the dialog ends. This gen-
eral model allows a wide range of problems to be modeled
and solved using versions of MARL algorithms. Following
the efficient practice of Group Relative Policy Optimization
(GRPO) (Shao et al. 2024), we propose Multi-Agent GRPO
(MAGRPO) that trains LLMs in a multi-turn setting. MA-
GRPO leverages centralized group-relative advantages for
joint optimization, while preserving decentralized execution
for each agent. The resulting method builds off of state-of-
the-art LLM approaches in GRPO and MARL approaches
for centralized training and decentralized execution, such
as MAPPO (Yu et al. 2022). Our experiments demonstrate
that MAGRPO is able to learn different cooperation schemes
while producing efficient and high-quality responses.

Our contributions can be summarized as follows: (i) We
model the LLM collaboration as a cooperative MARL prob-
lem, where multiple LLMs cooperate to generate joint re-
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sponses; (ii) We develop the MAGRPO algorithm, which
optimizes agent cooperation through aligned rewards while
maintaining decentralized execution to maintain efficiency;
(iii) Our experiments demonstrate that fine-tuning with MA-
GRPO improves both response efficiency and quality in
writing and coding collaboration; (iv) We provide an analy-
sis of the limitations of existing approaches and outline open
challenges in applying MARL to LLM collaboration.

Related Work
Test-Time Multi-Agent Interaction Recent work em-
ploys multiple agents with specialized roles interacting
through diverse pipelines at test-time to enhance response
quality. In multi-agent debate, agents iteratively formulate
positions by reviewing other agents’ outputs, where the fi-
nal decision or answer is determined by majority voting or
a summarizer (Du et al. 2023; Chan et al. 2023; Liang et al.
2024). Role-based approaches allocate tasks across special-
ized agents (Wu et al. 2023; Qian et al. 2024; Hong et al.
2023). An agent may function as a verifier to assess the cor-
rectness of outputs (Skreta et al. 2023; Lifshitz, McIlraith,
and Du 2025), or as a macro-planner to orchestrate work-
ers’ responses. However, these multi-agent frameworks rely
on prompt-level interactions among agents, often leading to
ineffective communication and computational inefficiency.
Moreover, the design of effective prompts and role assign-
ment remains unclear, as prompts usually fail to reliably
guide agent behavior, enforce role adherence, or support co-
herent coordination across tasks. These limitations motivate
us to fine-tune LLMs in MAS to improve their cooperation.

Multi-Agent Fine-Tuning Recent work has explored
fine-tuning LLMs to improve their performance across di-
verse domains, e.g., arithmetic reasoning, navigation, and
hidden-role games (Ma et al. 2024; Slumbers et al. 2024;
Sarkar et al. 2025). These approaches typically employ in-
dividual rewards or rewards conditioned on specific roles
(Liu et al. 2025a; Subramaniam et al. 2025; Zhang et al.
2025; Chen et al. 2025). Such reward structures often re-
quire careful manual specification, and their underlying ra-
tionale is rarely well justified. The misaligned or conflict-
ing incentives can hinder effective coordination. Moreover,
these methods lack convergence guarantees, as each agent
learns independently in a non-stationary environment where
other agents are simultaneously updating their policies. In
this paper, we focus on cooperative scenarios, where LLMs
are trained with verified, human-aligned rewards.

Cooperative MARL for LLM Collaboration
Since LLMs can act as a special class of agents, we lever-
age advances in MAS to improve their collaboration. We
model LLM collaboration as a cooperative MARL problem
and outline its unique challenges. We formalize this problem
as a Dec-POMDP, as shown in Figure 1.

LLM Collaboration
LLM collaboration is the problem where LLMs coopera-
tively solve a class of tasks in MAS. Tasks are specified in
language and provided to the LLMs as prompts. Each LLM

generates a response synchronously in response to its own
instructions. All responses jointly form a solution to the task.

Most tasks cannot be resolved in one turn. Users, external
models, or systems validate the solutions and provide addi-
tional requirements or suggestions for LLMs. These com-
ponents also serve as part of the environment for LLM col-
laboration, whose states may change based on the agents’
outputs. The updates are embedded into prompts for subse-
quent turns. This iterative process continues until the task is
successfully completed or a predefined turn limit is reached.

As discussed by a number of companies (NVIDIA 2024;
Anthropic 2024), a team of agents could generate a com-
plex codebase. The code would be difficult, costly, and time-
consuming to generate with a single agent, but a group of
LLMs could do so quickly and cheaply. None of these agents
is self-interested, but they can be trained using a scheme
such as the one in this paper. Using a joint reward allows
agents to specialize as needed to complete the task without
complex prompt or reward engineering.

Problem Formalization
We formalize LLM collaboration as a subclass of the cooper-
ative MARL problem, considering LLMs are agents and the
types of problems they are solving. This problem is a form
of Dec-POMDP (Oliehoek and Amato 2016), which allows
cooperation through a joint reward while preserving scal-
able decentralized control. We show 2 instantiations of our
framework in writing and coding tasks in the experiments.

Mathematically, our LLM Dec-POMDP is defined by a
tuple ⟨I,S, {Oi}, {Ai}, R, T,H⟩.
• I = {1, · · · , n} denotes the set of n LLM agents, each

instantiated with a pre-trained language model.
• S denotes the full global state space. At turn t, a full state
st = (sacc

t , susr
t ) consists of parts that are accessible in

the model and provided to the reward model sacc
t ∈ Sacc

(e.g., external models or systems), and the inaccessible
user state susr

t ∈ Susr that updates over time but is not
maintainable. In a Dec-POMDP, the state can not be di-
rectly observed by the agents.

• Oi is the observation space for agent i with O = ×iOi

the joint observation space. A local observation oi,t con-
sists of natural language instructions (i.e., prompts), pro-
viding a partial and noisy view of st.

• Ai is the action space for agent i with A = ×iAi the
joint action space. A local action ai,t is a response in
natural language to the given prompt.

• R : Sacc × A → R is the joint reward function im-
plemented via predefined rules or a pretrained reward
model. At turn t, the joint rewards rt are determined by
the accessible part of current state sacc

t and the agents’
joint action at = {a1,t, · · · , an,t}.

• T : S × A → ∆(S) is the underlying stochastic state
transition function. At turn t, the agents’ joint actions at
induce a shift to a new state st+1 ∼ T (·|st, at), which
reflects the updates in the user state and the states of ex-
ternal models and systems.

• H is the episode horizon, i.e., the turn limit of the dialog.
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Figure 1: Illustration of Dec-POMDP and our MAGRPO algorithm.

In Dec-POMDP, since the states are not directly observed,
each agent maintains its local observation-action history
h = {h1, · · · , hn} to infer information about the state. A
solution to a Dec-POMDP is a joint policy that maximizes
the expected cumulative reward, π∗ = {π∗

1 , · · · , π∗
n} =

argmaxπ Eπ

[∑H−1
t=0 R(sacc

t , at)
]
. A joint policy is a set of

local policies πi, which condition on the local observation-
action history hi,t = {oi,0, ai,0, . . . , oi,t}.

RL methods for Dec-POMDPs have become a popular
topic (e.g., (Foerster et al. 2018b; Lowe et al. 2017; Foerster
et al. 2018a; Rashid et al. 2020; Wang et al. 2021; Yu et al.
2022; Albrecht, Christianos, and Schäfer 2024; Lyu et al.
2023; Marchesini et al. 2025)) with methods successful at
scaling to large state, action, and observation spaces. Many
methods use Centralized Training for Decentralized Execu-
tion (CTDE), where they use some centralized information
during training (e.g., a centralized value function estimate)
but are still able to execute in a decentralized manner when
training is completed (Amato 2024).

Challenges in LLM Collaboration
LLM collaboration presents unique challenges compared to
traditional MARL problems, where LLM agents receive and
process tasks through natural language.

Representations in Natural Language Unlike traditional
cooperative MARL agents, LLM agents operate over natural
language, receiving instructions and generating responses as
sequences of tokens. MARL approaches could model this
problem at the token or sequence level. At the token level,
the number of actions and observations is smaller, but the
problem horizon can be very long. At the sequence level, the
action and observation space is much larger, but the horizon
is much shorter. Moreover, token-level rewards are often un-
informative, as both queries and responses must form coher-
ent and semantically meaningful structures. As adopted in

prior RL methods (Ouyang et al. 2022; Rafailov et al. 2023),
we model each agent’s decision-making process as a direct
mapping from input instructions to complete responses to
enable efficient and stable training. Nevertheless, the best
modeling and solution approaches remain an open question.

Training Paradigm As mentioned above, many MARL
methods use centralized training for decentralized execu-
tion (CTDE). Unfortunately, standard CTDE methods use
centralized value models in the form of centralized critics
(Foerster et al. 2018b; Lowe et al. 2017; Yu et al. 2022) or
mixers in value decomposition methods (Rashid et al. 2020;
Wang et al. 2021), which allow additional information dur-
ing training but do not scale well to very large action and ob-
servation spaces (such as those in LLM collaboration). Con-
versely, Decentralized Training and Execution (DTE) meth-
ods (Amato 2025) train a set of models, one for each agent
in a decentralized manner, which are typically more scalable
but do not use additional information during training (even
when it is available). It is an open question which paradigm
to use to maximize performance while maintaining scalabil-
ity in the LLM collaboration problem. In this paper, we bal-
ance decentralized execution with centralized training using
group-based Monte Carlo estimates. Experiments show the
effectiveness of our approach on short-horizon tasks.

MAGRPO
We propose the Multi-Agent GRPO (MAGRPO) algorithm
to jointly train LLM agents in MAS while maintaining de-
centralized execution.

Algorithm 1 shows the procedure of MAGRPO. Given a
dataset D containing task information (e.g., the descriptions
of coding problems), n LLMs that are optimized, each with a
policy parameterized by θi and guided by a (shared) reward
model R. In each episode, a task is sampled from the given
dataset D, which is used to construct initial observations
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Algorithm 1: MAGRPO

Require: Dataset D, n pretrained LLMs with policies
{πθ1 , · · · , πθn}, reward model R, generation group size
G, learning rate α

1: for each episode do
2: Sample a task ∼ D
3: Initialize observations oi,0, ∀i ∈ I , according to the

task, and o0 = {o1,0, · · · , on,0}
4: hG

i,0 ← oi,0, ∀i ∈ I , and hG
0 = {hG

1,0, · · · , hG
n,0}

5: for turn t = 0 to H − 1 do
6: Generate a group of responses aGi,t ← πθi(·|hG

i,t),

∀i ∈ I , where hG
i,t = {h(1)

i,t , · · · , h
(G)
i,t }, a

G
i,t =

{a(1)i,t , · · · , a
(G)
i,t }, and aG0 = {aG1,t, · · · , aGn,t}

7: Obtain joint rewards rGt from system
8: Receive new observations oGi,t+1, and update his-

tory hG
i,t+1 ← {h

G
i,t, a

G
i,t, o

G
i,t+1}, ∀i ∈ I

9: end for
10: for turn t = H − 1 to 0 do
11: Calculate return R

(g)
t ←

∑H−1
τ=t r

(g)
τ , ∀g ∈ G

12: Estimate Â
(g)
t , ∀g ∈ G according to Equation 1

13: Calculate J(θi), ∀i ∈ I according to Equation 2
14: θi ← θi + α∇θiJ(θi), ∀i ∈ I
15: end for
16: end for
17: return πθ = {πθ1 , · · · , πθn}

o0 = {o1,0, · · · , on,0} and histories h0 = {h1,0, · · · , hn,0}.
Taking inspiration from the single-agent GRPO algorithm
(Shao et al. 2024), at each turn t, each agent takes action by
generating a group of responses aGi,t = {a

(1)
i,t , · · · , a

(G)
i,t } fol-

lowing its policy πi(·|hG
i,t) based on its observation-action

history hG
i,t = {h(1)

i,t , · · · , h
(G)
i,t }. The actions of individ-

ual agents are aggregated to form a group of joint actions
aGt = {aG0,t, · · · , aGn,t}. The agents receive a group of joint
rewards rGt for their responses aGt , which conditions on the
accessible part of the state R(·|sacc,G

t , aGt ). The joint actions
triggers the transition T (·|sGt , aGt ), where agents receive new
observations oGi,t+1 = {o(1)i,t+1, · · · , o

(G)
i,t+1} and use them to

construct histories hG
i,t+1 = {hG

i,t, a
G
i,t, o

G
i,t+1}. This process

continues until terminated at turn H or the task is completed.
We employ stochastic gradient descent to train agents at

the end of each episode. Without explicit value models, esti-
mating history-action values incurs high variance. To stabi-
lize training, we estimate the expected return of the current
history by averaging over a group of Monte Carlo samples of
the joint return RG

t = {R(1)
t , · · · , R(G)

t }. As a result, we are
able to generate a centralized estimate (common in MARL)
without a large value model. For each turn t, the advantage
of each joint action in the group is calculated as,

Â
(g)
t = R

(g)
t −

1

G

G∑
g=1

R
(g)
t , (1)

where R
(g)
t =

∑H−1
τ=t r

(g)
τ . Inspired by GRPO (Shao et al.

2024; Liu et al. 2025b), and MAPPO (Yu et al. 2022), the
centralized advantage values can be used to update policy πi

(parameterized by θi) for each agent i. MAGRPO does not
have importance sampling and thereby epsilon clipping for
simplicity, and the KL divergence coefficient is set to be 0 to
encourage greater policy deviation from the base model,

J(θi) = Eo0∼D,hG∼πθ

[
1

G

G∑
g=1

Â
(g)
t log πθi(a

(g)
i,t |h

G
i,t)

]
.

(2)

Experiments
We evaluate MAGRPO on LLM writing and coding collabo-
ration. Datasets, reward specifications, and additional results
are provided in the Appendix.

Writing Collaboration
We explore LLM collaboration for article writing using MA-
GRPO across 2 classic tasks: summarization and expansion.

TLDR Summarization When reading a long article,
readers often seek to quickly grasp its core ideas. If the topic
is of interest, they may wish to delve deeper into specific de-
tails while still avoiding a complete reading through the full
document. This calls for a summarization system to gener-
ate summaries at varying levels of detail. We frame this task
using TLDR summarization as an illustrative example.

The TLDR dataset comprises unabridged Reddit posts in
the prompt and concise summaries appended by the au-
thor in the completion. In our experiment, 2 Qwen3-1.7B
agents independently summarize the prompt without us-
ing completion. The first agent functions as a core-idea
(TLDR) generator, producing a concise paragraph, while
the second agent serves as a detailed summarizer, providing
more comprehensive information.

To quantify the summarization quality, we employ a rela-
tively simple combination of 3 metrics. Structure measures
the lengths and the length ratio of the 2 summaries, to en-
sure the TLDR is concise and the detailed summary is suffi-
ciently long. Style consistency is assessed using the normal-
ized Jaccard similarity coefficient, calculated as the ratio of
the intersection size to the union size of unique words (or
n-grams) between responses. A high style consistency re-
ward typically indicates that the summarizers adopt similar
stylistic patterns while avoiding identical wording. Logical
coherence is quantified by counting the occurrences of tran-
sition words. Positive reward is given for using transition
words, but the reward decreases logarithmically as more are
used. These metrics are simple approximations of what more
complex reward models may evaluate. Other (simpler or
more complex) metrics or reward models could also be used.
The total reward combines these metrics through a weighted
summation. More details regarding our reward model and
hyperparameters are provided in the Appendix.

arXiv Expansion Writing a long article typically requires
contributions from multiple writers, each responsible for dif-
ferent sections. As a simple scenario, 2 agents can collabo-
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Method Dataset Efficiency Article Quality (%) Return (%)
Speed Response Time Structure Consistency Coherence

Single Model TLDR 64.1 6.6 43.8 97.6 52.8 36.7
arXiv 65.4 6.5 51.2 87.2 71.1 44.9

Parallel Generation TLDR 185.6 2.1 25.9 98.3 56.5 23.2
arXiv 190.6 2.1 71.5 64.2 61.5 59.6

Sequential Generation TLDR 98.7 4.3 33.5 98.5 64.5 21.7
arXiv 85.8 4.3 92.4 97.8 64.3 87.7

One-Round Discussion TLDR 100.4 4.3 35.9 98.8 60.8 22.3
arXiv 95.4 4.3 84.6 71.8 66.0 76.6

MAGRPO (Ours) TLDR 202.3 2.1 98.7 97.1 78.5 94.5
arXiv 193.8 2.1 97.9 96.2 69.7 93.1

Table 1: Performance of MAGRPO against baselines on TLDR and arXiv. Speed (tokens/s) and response time (s) are measured
on GeForce RTX 5090s. Results are normalized to the return scale. Bolds indicate the best performance on each dataset.

0 0.3 0.6 0.9 1.2 1.5
(K) Steps

0

25

50

75

100

N
or

m
al

iz
ed

 R
et

ur
n 

(%
) TLDR

0 0.3 0.6 0.9 1.2 1.5
(K) Steps

0

25

50

75

100

N
or

m
al

iz
ed

 R
et

ur
n 

(%
) arXiv

Metrics
Structure
Consistency
Coherence
Total

(a) TLDR summarization
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(b) arXiv abstract expansion

Figure 2: Normalized returns on writing collaboration: (a) structural wellness (dashed green); (b) style consistency (dashed
red); (c) coherence (dashed orange); (d) total rewards (solid blue). All returns are normalized to the return scale.

rate to generate introductions from the abstract of arXiv
papers. The first agent outlines the research background and
motivation, while the other presents the proposed methods
and their experiments. The combined paragraphs should be
coherent and consistent in style. Similar to the reward model
in TLDR summarization, we employ the same evaluation
metrics as proxies, with threshold hyperparameters specif-
ically adjusted for this task.

Baselines We adopt a single model and 3 multi-agent
methods as our baselines. To minimize the influence of
prompts on our comparison, we keep the task description
fixed and only add minimal instructions. In the single-agent
baseline, we prompt with the article, the agent’s role (sum-
marizer or expanding writer), and specific format instruc-
tions. Naive concatenation builds on it by dividing the task
into subtasks, assigning each agent a specific portion to
complete in parallel without explicit communication. The
sequential pipeline introduces one-way communication, al-
lowing one agent to respond based on both the task descrip-
tion and the other agent’s output. The one-round discussion
baseline enables bidirectional communication: agents first
receive the same prompts as in naive concatenation, then the
prompts are augmented with the other’s first-turn response in
the second turn. All baseline methods operate without fine-
tuning and depend solely on prompt-level interactions. De-
tailed prompts for each baseline are in the Appendix.

Results In this experiment, we apply MAGRPO to opti-
mize the dual Qwen3-1.7B system in one turn. Figure 2a and
Figure 2b show the evaluation results on TLDR and arXiv
over 10 runs. The upward trend on all metric curves indi-
cates that 2 agents gradually cooperate to generate coher-
ent and consistent content with a well-organized structure.
In the TLDR summarization, while the structure and log-
ical coherence monotonically increase throughout training,
the style consistency curves exhibit a decrease in the first
100 steps. This occurs as agents temporally diverge in styles
to optimize other cooperative objectives, but their styles are
gradually realigned and stabilized with sufficient training.

As shown in Table 1, MAGRPO is 3 times faster com-
pared to the single Qwen3-4B model, which has a compara-
ble number of parameters to our dual Qwen3-1.7B system.
Despite receiving detailed instructions, Qwen3-4B fails to
produce well-structured responses. A similar issue appears
in TLDR summarization but not in arXiv expansion under
multi-agent settings. This is because the outputs of homo-
geneous agents are naturally similar in length, which fortu-
itously aligns with the preference of the reward model.

Among the multi-agent baselines, parallel generation is
the only one that achieves a comparable speed to ours,
but it fails to generate well-structured and coherent texts
due to the lack of cooperation. Sequential generation and
discussion-based approaches occasionally enhance coordi-
nation through specific prompts. However, they still under-
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(a) Single-Turn MAGRPO on HE
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(b) Multi-Turn MAGRPO on HE
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(c) Single-Turn MAGRPO on CHE
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(d) Multi-Turn MAGRPO on CHE

Figure 3: Normalized returns on coding collaboration: (a) structural wellness (dashed grey); (b) syntax correctness (dashed
green); (c) Test score (dashed red); (d) cooperation rewards (dashed yellow); (e) total return (solid blue).

perform ours in efficiency and coherence, resulting in lower
total return. The limited effectiveness of prompt-instructed
coordination constrains their scalability to more complex
scenarios involving large numbers of agents or extended
multi-turn interactions (Estornell and Liu 2024).

Coding Collaboration
In large-scale software development, numerous develop-
ers collaborate to implement complex systems. Employing
LLMs as developers is a promising direction, but coordinat-
ing them is challenging due to diverse cooperation schemes
and complex failure modes. We simplify this task by using 2
Qwen2.5-Coder-3B agents to generate Python functions col-
laboratively. A helper agent produces auxiliary functions to
support a main function generator, without any direct com-
munication. The outputs from both agents, along with re-
quired libraries, are aggregated into complete code snippets.

HumanEval We evaluate MAGRPO on the HumanEval
(HE) dataset, which contains 164 handwritten programming
problems, each containing a natural language description
(prompt), a function signature (entry point), and a set
of unit tests (test). To guide learning, we design a level-
based reward model that prioritizes fundamental aspects of
code generation. Structural integrity verifies the presence
and correctness of both main and auxiliary function defini-
tions; syntactic correctness ensures compliance with Python
syntax; test pass rate assesses functional correctness based
on the proportion of successfully passed unit tests; and a co-
operation quality bonus is granted when the main function
properly invokes and utilizes the auxiliary function. Rewards
are accumulated only when all requirements at each preced-
ing level are satisfied.

CoopHumanEval Some entries in HumanEval (HE) are
not designed for coding collaboration; certain atomic op-
erations (e.g., strlen(string)) can hardly be decom-
posed in a way that has meaningful cooperation. These
noisy instances bias it towards invalid cooperation, such
as merely wrapping the auxiliary function, thereby mak-
ing training unstable. Thus, we construct a cooperative code
generation dataset, CoopHumanEval (CHE), which com-
prises both original HE problems with cooperative poten-
tial (e.g., prime fib(n)) and additional problems (e.g.,
unique digits(x)). CHE problems are decomposable,
where agents can explore effective cooperation schemes.

Baselines We adopt the fixed and fine-tuned single model,
and 3 multi-agent methods on fixed base models, as our
baselines. In the single-agent setting, the Qwen2.5-Coder-
7B model generates a Python function based on the problem
description in prompt. We also fine-tune this model on the
training set to adapt it to this task. In the multi-agent setting,
2 Qwen2.5-Coder-3B models serve as agents: one generates
a helper function, and the other produces the main. To min-
imize the influence of prompts on our comparison, we keep
the problem description fixed and only add minimal coor-
dination instructions. In the naive concatenation, agents are
informed of their roles and generate outputs in parallel with-
out communication. The sequential pipeline allows the main
agent to respond based on the other’s output. In the one-
round discussion, agents first receive the same prompts as
naive concatenation, then the prompts are augmented with
the other’s last-turn response in the subsequent turns.

Results We optimize the interaction between 2 agents
using single-turn and multi-turn MAGRPO. In the multi-
turn setting, problem descriptions and the agents’ initial re-
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Method Dataset Efficiency Code Quality (%) Return (%)
Speed Response Time Structure Syntax Tests Cooperation

Single Model HE 73.1 1.6 100.0 100.0 64.8 – –
CHE 65.5 1.4 100.0 100.0 63.4 – –

Fine-Tuned Single Model HE 72.2 1.6 100.0 99.2 65.6 – –
CHE 60.6 1.4 100.0 100.0 66.7 – –

Naive Concatenation HE 194.9 1.1 96.1 90.6 42.5 22.7 53.9
CHE 189.4 1.1 97.5 95.0 40.1 24.0 54.3

Sequential Pipeline HE 99.6 2.2 98.4 96.5 56.4 35.1 63.1
CHE 97.4 2.0 97.5 96.3 55.2 35.2 62.5

One-Round Discussion HE 82.5 2.8 98.1 94.8 41.2 30.2 57.5
CHE 78.3 2.8 97.5 96.3 41.9 34.8 59.5

Single-Turn MAGRPO (Ours) HE 190.0 1.5 100.0 97.8 61.6 83.4 83.7
CHE 192.4 1.5 98.8 97.5 71.2 83.7 86.0

Multi-Turn MAGRPO (Ours) HE 96.5 2.7 99.7 96.9 68.4 84.9 86.7
CHE 97.1 2.5 98.6 98.2 75.0 86.3 88.5

Table 2: Performance comparison of MAGRPO against baselines on HE and CHE. Speed (tokens/s) and response time (s) are
recorded on GeForce RTX 5090s. Results are normalized to the return scale and averaged over 10 runs; rewards are level-based.
Bolds indicate the best performance of each metric on each dataset.

sponses are provided to static checking (AST) and dynamic
execution models, which report errors for each agent. Ab-
lations of external tools used, including self-evolving and
expert guidance, are provided in the Appendix.

Figure 3a and Figure 3b show the normalized return of
MAGRPO on HE over 10 runs. Single-turn MAGRPO train-
ing improves the syntactical correctness and develops valid
cooperation, while the test pass rate does not show much
progress. As for the multi-turning training, agents are ini-
tially overwhelmed by the external model’s feedback, result-
ing in even lower initial returns. They gradually adopt the er-
ror signals and improve their returns. However, the test pass
rate shows no significant improvement over the single-agent
model, due to noisy entries in the dataset and hence unre-
liable feedback. This reflects the complexity and delicacy
of decentralized coder coordination, where the main agent
must accurately infer the functionality of auxiliary modules
and trust their correctness without communication.

The performance of single-turn and multi-turn MAGRPO
on the CHE dataset is shown in Figures 3c and 3d. Re-
sults show that MAGRPO achieves higher overall returns
and lower variance when trained on CHE over HE. In the
multi-turn setting, although agents initially struggle to in-
terpret the feedback, like training on HE, the returns gradu-
ally improve and eventually surpass those in the single-turn
training. This demonstrates that, when trained on a dataset
with well-defined cooperative structures, agents can learn to
utilize error messages to improve their response quality.

Table 2 presents a performance comparison between MA-
GRPO and baselines on both HE and CHE. By GRPO fine-
tuning, the performance of Qwen2.5-Coder-7B model only
improves slightly as the logic of test problems differs sub-
stantially. Compared to a single model, the naive concate-
nation method has lower test pass rates, as the main agent
may generate code based on incorrect assumptions about
auxiliary functionality. In the sequential pipeline method,
the main agent can provide a backup for the auxiliary func-

tion when it identifies potential vulnerabilities, thereby im-
proving the test pass rate. However, this comes at the cost
of slower inference speed. Although the one-round discus-
sion method involves more communication between agents,
its effectiveness remains limited because the agents’ mutual
adaptations to each other’s last responses can become mis-
aligned. MAGRPO outperforms all baselines on both CHE
and HE by facilitating effective cooperation and leveraging
feedback from the external model. Additional results, in-
cluding pass@k, are presented in the Appendix.

Cooperation Schemes MAGRPO identifies diverse coop-
eration schemes. In some cases, the auxiliary function han-
dles the core logic, while the main agent adds backup logic
or decorations to improve the overall solution. Alternatively,
the main agent may act as a coordinator, decomposing the
problem and assigning subtasks to the auxiliary agent. The
auxiliary function may serve as a strategy filter, guiding
the main agent to generate code for specific cases. While
coordinator and strategy-filter schemes can improve infer-
ence efficiency, they are more prone to syntax and logical
errors. With limited cooperation-oriented training data, the
main agent typically resorts to more conservative roles, i.e.,
fallback or decoration. These cooperation schemes emerge
during training under a relatively simple joint reward. More
refined design patterns will likely be found when training
agents to develop large-scale coding projects.

Conclusion
In this paper, we model LLM collaboration as a cooperative
MARL problem and formalize it as a Dec-POMDP. We pro-
pose the MAGRPO algorithm to optimize agent cooperation
through shared rewards. Our experiments in coding and writ-
ing collaboration show that MAGRPO enables agents to effi-
ciently generate high-quality responses via effective collab-
oration. Our work encourages future exploration of MARL-
based methods for scalable and robust LLM collaboration.
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