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Abstract. 

Effective communication among LLM-driven agents is critical for 

achieving high-quality collaborative decision-making. This study 

proposes an adaptive communication framework that leverages 

reinforcement learning to dynamically adjust message frequency, 

content granularity and routing strategies among agents. The 

system is trained on a multi-domain dataset comprising 9,800 

tasks across negotiation, planning and data reasoning scenarios. 

A communication-aware reward function is designed to balance 

performance gains and communication cost. Experimental results 

demonstrate a 25.6% improvement in task success rate and a 

30.2% reduction in communication overhead compared to fixed 

communication protocols. The proposed approach highlights the 

importance of adaptive communication policies in large-scale 

agent systems.. 
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INTRODUCTION 

Large language model (LLM)-based multi-agent systems have recently emerged as an important 

paradigm for collaborative problem solving in tasks such as planning, negotiation, and data 

reasoning. In these systems, multiple agents interact through natural language messages to 

exchange intermediate results, coordinate decisions, and refine collective outputs. Compared with 

conventional multi-agent systems, LLM-driven collaboration offers stronger reasoning flexibility 

and broader task applicability, but it also introduces new challenges related to communication 

efficiency. Because language-based interaction is costly in both computation and latency, 

uncontrolled message exchange can easily lead to repetitive responses, redundant information 

flow, and excessive inference overhead. These issues become more pronounced as the number of 

agents increases and as task processes become longer and more interdependent. Recent studies 

have shown that multi-agent LLM systems can improve task performance in complex collaborative 

settings, yet communication inefficiency remains a persistent bottleneck that limits scalability and 

practical deployment [1]. Recent studies on structured modeling of intermediate inference 
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processes show that explicitly organizing post-retrieval reasoning can significantly improve 

downstream decision quality, highlighting the importance of structured information flow in 

complex agent systems [2]. This line of evidence indicates that effective collaboration depends not 

only on the reasoning capability of individual agents, but also on how communication is structured, 

filtered, and adapted during the interaction process [3]. Research in multi-agent reinforcement 

learning has long recognized communication as a core component of collaborative intelligence. 

Existing studies have investigated communication from several directions, including structured 

message passing, communication topology design, and coordination under bandwidth or resource 

constraints [4,5]. These studies consistently show that communication can enhance coordination 

by allowing agents to share local observations and align their decisions. At the same time, they 

also demonstrate that excessive or poorly organized exchange may reduce efficiency, introduce 

instability, and even weaken policy performance. To address this issue, several methods have 

explored adaptive communication strategies that regulate interaction frequency, modify 

connectivity structure, or selectively activate communication links according to the current state 

of the environment [6,7]. Although these approaches provide useful insights, most of them were 

developed for conventional agents that communicate through compact symbols, latent vectors, or 

low-cost signals. Their assumptions do not fully match LLM-based settings, where messages are 

longer, semantically richer, and substantially more expensive to generate and process. Recent work 

has therefore begun to examine communication specifically in LLM-based multi-agent systems 

[8]. Current studies have focused on interaction protocols, message design, role allocation, and 

feedback-based collaboration mechanisms [9,10]. Benchmark results further suggest that 

communication quality is one of the main determinants of collaborative performance in large 

language agent systems [11]. Some approaches allow agents to refine subsequent decisions by 

incorporating communication-derived feedback, thereby improving task completion under 

complex reasoning requirements [12,13]. Even so, many existing frameworks still rely on fixed 

communication rules, such as predefined turn-taking schedules, static agent routing, or manually 

specified interaction templates. These designs can be effective in relatively simple tasks, but they 

often become inefficient when task requirements vary across domains or when the amount of 

relevant information changes over time. In heterogeneous environments, a fixed communication 

pattern may either underutilize useful coordination opportunities or encourage unnecessary 

exchanges that increase cost without improving decision quality. This limitation is especially 

important because communication in LLM systems is not merely a coordination channel; it is also 

a major source of computational expense. Each additional message may require prompt 

construction, context maintenance, decoding, and response integration, all of which contribute 

directly to runtime and resource consumption. In this sense, communication cost should not be 

treated only as an external implementation concern. It is part of the decision process itself and 

should be considered when designing collaborative policies. A communication strategy that 

improves raw task accuracy while generating large volumes of unnecessary interaction may not be 

suitable for real-world deployment, particularly in large-scale agent systems where message 

overhead accumulates quickly. As a result, efficiency and collaboration quality must be optimized 

jointly rather than independently. Current research still leaves several important gaps. Many 

studies evaluate communication strategies on a narrow range of tasks, which makes it difficult to 

judge whether the learned behavior generalizes across domains with different reasoning structures 

and coordination demands [14,15]. Communication-related factors such as message frequency, 

content granularity, and routing path are also often studied in isolation, even though these factors 

interact strongly in practice. A system that reduces message frequency, for example, may still 
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remain inefficient if it transmits overly detailed content or routes information through unnecessary 

agents. In addition, communication cost is commonly treated as a constraint or post hoc metric 

rather than being incorporated directly into the learning objective. This is a significant omission in 

LLM-based systems, where the cost of message generation is intrinsic to the collaboration 

mechanism. Another limitation is that many experimental settings remain relatively small or 

homogeneous, which restricts conclusions about scalability and real-world applicability [16,17]. 

These observations motivate the need for a more integrated approach to communication learning 

in LLM-driven multi-agent collaboration. Rather than relying on static communication templates, 

an effective system should be able to adjust whether to communicate, what level of detail to 

transmit, and where information should be routed according to the evolving task state. Such a 

mechanism would allow the communication policy to respond to differences in task complexity, 

agent dependency, and intermediate uncertainty, thereby improving both coordination quality and 

efficiency. From this perspective, adaptive communication is not simply an auxiliary control 

mechanism. It is a central component of scalable multi-agent reasoning, especially in environments 

where task demands and interaction patterns vary substantially. Based on this motivation, the 

present study investigates adaptive communication in LLM-driven multi-agent systems using 

reinforcement learning. The proposed framework dynamically adjusts message frequency, content 

granularity, and routing behavior according to the current task state, while introducing a 

communication-aware reward to jointly balance task performance and interaction cost. This design 

is intended to move beyond fixed communication rules and enable more flexible coordination 

policies that can better match the needs of heterogeneous collaborative tasks. The framework is 

evaluated on 9,800 tasks covering negotiation, planning, and data reasoning scenarios, allowing 

assessment across multiple types of interaction structure and reasoning demand. The purpose of 

this study is to examine whether reinforcement learning can be used to learn communication 

policies that are both effective and efficient in LLM-based multi-agent environments. Beyond 

improving task success rates, this work aims to clarify how adaptive control over communication 

frequency, message detail, and routing can reduce redundant exchange while preserving 

coordination quality. Methodologically, the study contributes an integrated perspective in which 

communication behavior is treated as an optimizable component of collaborative reasoning rather 

than a fixed protocol. Practically, it provides evidence for designing large-scale agent systems that 

can maintain strong collaborative performance without incurring unnecessary language interaction 

cost. In this way, the study contributes to the development of more scalable, communication-aware 

LLM multi-agent systems for complex real-world applications. 

2.Materials and Methods 

2.1. Task Samples and Environment Description 

The experiments were conducted on a multi-domain task set containing 9,800 samples. The tasks 

covered negotiation, planning, and data reasoning scenarios. Each task required cooperation 

among 3–7 LLM-based agents. Agents exchanged textual messages to share local information and 

coordinate decisions. The environment was partially observable. Each agent could access only part 

of the task state at each step. Task settings differed in reasoning depth, communication 

dependence, and decision length. To reduce bias from repeated patterns, task conditions were 

changed across episodes. The full dataset was split into training, validation, and test sets at 70%, 

15%, and 15%, respectively. 

2.2. Experimental Design and Baseline Setting 

Two communication settings were examined. The first used a fixed communication protocol. 

Under this setting, agents sent messages at preset intervals, and message structure and routing 
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remained unchanged during the task. The second used an adaptive communication policy. In this 

setting, communication decisions were selected by a reinforcement learning model. The model 

determined whether a message should be sent, how detailed it should be, and which agent should 

receive it. Both settings used the same LLM backbone, the same training budget, and the same 

optimization setup. This design kept the comparison fair and allowed the effect of adaptive 

communication to be examined directly. Each experiment was repeated five times with different 

random seeds, and the reported results were averaged across runs. 

2.3. Measurement Methods and Quality Control 

Three indicators were used for evaluation: task success rate, communication load, and 

communication efficiency. Task success rate was defined as the proportion of tasks completed 

within a fixed number of interaction rounds. Communication load was measured by the total 

number of exchanged tokens during one task. Communication efficiency was used to describe the 

balance between performance and cost. To reduce random effects, all results were averaged over 

repeated runs, and standard deviations were also reported. The same hardware and software 

environment was used in all experiments. Hyperparameter values were kept unchanged across 

different settings. Early stopping based on validation results was applied to reduce the risk of 

overfitting. 

2.4. Data Processing and Model Formulation 

Training data were organized as message-state-action-reward sequences collected from agent 

interaction. Text messages were converted into dense vector representations before being used by 

the policy model. Message length was normalized to reduce large variation in token count across 

tasks. The adaptive communication policy was trained to maximize task performance while 

limiting unnecessary exchange. The communication efficiency score was defined as 

Ec=
S

1+γM
 

where S denotes the task success indicator, M is the total communication cost, and γ is a scaling 

factor that controls the penalty on message usage. 

Policy updates were carried out with PPO. The optimization target was written as 

L(θ)=Et[ρt
(θ)Ât-αDt] 

where ρ
t
(θ) is the policy ratio at t, Ât is the estimated advantage, Dt denotes the communication 

decision cost, and α controls the weight of the communication penalty. This form encourages 

useful communication while suppressing excessive message passing. 

2.5. Training Procedure and Implementation Details 

Training was performed for 1.4 million interaction steps. Communication trajectories were 

collected from parallel environments and stored for policy update. Mini-batches were sampled 

during training. The learning rate was set to 3×10
-4

, and the discount factor was 0.99. The policy 

network was updated after each batch, while the underlying LLM reasoning module remained 

fixed. Parallel rollout was used to improve sampling speed and training stability. The full 

framework was implemented in PyTorch and trained on a GPU platform. After training, the 

learned policy was tested on unseen tasks with different communication demands to examine 

generalization ability. 

3.Results and Discussion 

3.1. Overall task performance 

The adaptive communication policy performed better than the fixed protocol on all tasks. The gain 

was clear in negotiation, planning, and data reasoning settings. It was more evident in tasks that 

required multiple interaction steps. The task success rate increased by 25.6%. This result shows 
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that fixed communication rules are not suitable for dynamic task conditions. As shown in Fig. 1, 

the proposed method maintained a stable advantage across different domains, while the fixed 

protocol showed a drop in performance as task complexity increased. Similar patterns have been 

reported in recent work, where communication quality strongly affects coordination outcomes in 

multi-agent systems [18,19]. 

 
Figure 1. Task success rates for adaptive and fixed communication across tasks. 

3.2. Communication overhead and efficiency 

The proposed method reduced communication overhead while improving performance. Compared 

with the fixed protocol, communication cost decreased by 30.2%. This suggests that many 

messages in static settings do not contribute to task progress. The communication-aware reward 

helped limit unnecessary exchanges by adjusting message frequency and detail level. This is 

important in LLM-based systems, where message generation is costly. Earlier studies in 

communication-aware reinforcement learning also note that excessive communication can reduce 

efficiency [20,21]. The present results extend this observation to LLM-driven systems. 

3.3. Effect of routing and content control 

Performance gains were also linked to improved message routing and content control. The 

adaptive policy reduced unnecessary broadcasts and focused communication on relevant agents. 

It also adjusted message length based on task needs. As shown in Fig. 2, communication became 

more targeted, which reduced repeated exchanges and improved coordination consistency. This 

behavior is important in multi-step tasks, where poor routing can lead to information overload. 

Recent studies suggest that learned communication structure is more effective than fixed protocols. 

The current results support this view and show that routing and content decisions should be learned 

together [22]. 
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Figure 2. Message flow under the adaptive communication policy. 

3.4. Comparison with existing studies and implications 

Compared with existing studies, this framework treats communication as a joint decision problem. 

Many earlier methods focus on one aspect, such as communication topology or frequency, while 

other factors remain fixed. In this work, frequency, content, and routing are adjusted within one 

policy. The evaluation covers 9,800 tasks across different domains, which provides a broader test 

setting. However, some limits remain. The experiments were conducted in a simulated 

environment, and the LLM backbone was not updated during training. In addition, communication 

quality was measured mainly by task outcome and cost. Future work may include larger systems, 

dynamic model updates, and more detailed measures of message usefulness. Despite these limits, 

the results support adaptive communication as a practical way to improve coordination and reduce 

cost in LLM-based multi-agent systems. 

4.Conclusion 

This study examined adaptive communication in LLM-based multi-agent systems using a 

reinforcement learning framework. The policy adjusted when agents communicate, how much 

information they send, and where messages are directed. This setting improved coordination across 

tasks with different interaction patterns. Compared with fixed protocols, the method achieved a 

higher task success rate and lower communication cost. These results show that communication 

should be treated as part of the decision process rather than a fixed rule. The communication-aware 

reward helped balance task performance and message cost, which is important in systems where 

text generation is expensive. The approach can be used in tasks such as negotiation, planning, and 

data reasoning, where agents exchange information over multiple steps. However, some 

limitations remain. The experiments were conducted in a simulated environment, and the language 

model was not updated during training. Communication quality was evaluated mainly by task 

outcome and cost. Future work may consider larger systems, joint training of reasoning and 

communication, and more direct measures of message usefulness to improve efficiency and 

robustness. 
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