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Abstract

Coordinating multiple language-driven agents in sequential decision-making
scenarios remains challenging due to inconsistent policy updates and delayed
feedback signals. This study presents a reinforcement learning-guided
coordination mechanism that integrates temporal credit assignment with
interaction-aware policy updates. The model is trained on a benchmark dataset of
11,300 sequential decision tasks, including multi-step planning and resource
allocation scenarios. A temporal-difference learning scheme is combined with
communication-aware reward signals to improve coordination efficiency.
Experimental results indicate that the proposed approach increases cumulative
task reward by 27.1% and reduces policy oscillation by 35.6% compared to
baseline decentralized agents. Furthermore, convergence speed improves by 18%,
demonstrating enhanced stability in long-horizon decision processes.

Keywords

Reinforcement learning; Sequential decision-making; Multi-agent coordination;
temporal credit assignment; Language agents

Introduction

Large language model (LLM)-based agents have rapidly evolved from single-turn text
generators into sequential decision-making systems that can perform multi-step
reasoning, planning, tool use, and environment interaction. Their growing capability has
made them increasingly relevant to software engineering, task planning, knowledge-
intensive workflows, and interactive problem solving. At the same time, recent studies
have shown that strong performance in isolated steps does not necessarily translate into
stable performance over extended trajectories, especially when agents must coordinate
over multiple decisions and adapt to changing context [1]. Related work on structured
inference in large video language models further indicates that explicit organization of
intermediate reasoning and representation can improve post-retrieval decision quality,
suggesting that structured feedback and staged reasoning are also important for broader
agent systems facing long decision chains [2]. A central difficulty in such systems is

temporal credit assignment. In long-horizon tasks, informative rewards are often delayed
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until the end of an action sequence, making it difficult to determine which earlier decisions
contributed to success or failure. This problem becomes more pronounced in multi-agent
settings, where the observed outcome reflects not only the temporal order of actions but
also the interaction among several agents. Under these conditions, policy learning can
become noisy and unstable because useful behavior is weakly distinguished from
ineffective behavior during training [3]. Recent reinforcement learning studies
consistently show that sparse or delayed rewards slow convergence, amplify variance in
policy updates, and weaken cooperation in settings that require coordinated behavior
over time [4,5]. Reinforcement learning has therefore become an important approach for
improving LLM agents in sequential tasks. Existing studies suggest that RL can strengthen
action selection, tool-use decisions, and reasoning quality when supervision is aligned
with intermediate decision steps rather than only final task outcomes [6,7]. However,
many current training strategies still rely heavily on terminal rewards or coarse
trajectory-level evaluation. Such reward designs provide limited information for long
decision sequences, where performance depends on a chain of partially correct or
partially flawed intermediate choices. When feedback is only available at the end of an
episode, the learning signal becomes too diffuse to reliably guide behavior refinement,
particularly in tasks involving branching plans, interdependent subtasks, or collaborative
execution [8,9]. The challenge is even greater in multi-agent LLM systems. In these
settings, agents must exchange information, interpret messages, adapt to others’
decisions, and maintain coherent joint behavior across time. Current coordination
mechanisms commonly rely on role assignment, communication protocols, or message
passing, yet these alone do not resolve the learning problem created by weak feedback. In
many frameworks, agents are updated according to the overall outcome of the team while
receiving little information about the quality of their own contributions at specific stages
of the task. As a result, policy updates may become inconsistent across agents, and
cooperation may deteriorate when early local errors propagate through later interactions
[10,11]. This is particularly problematic in long-horizon tasks, where the cost of a poorly
assigned decision may not become visible until several steps later, after additional
exchanges and state transitions have already occurred. Recent studies have begun to

address this issue by improving credit assignment in multi-agent learning. Some methods
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redistribute sparse rewards across time and agents to produce more informative step-
level feedback, while others estimate agent-specific contributions or use model-based
explanations to make reward attribution more precise [12,13]. These approaches have
shown that more accurate feedback can improve cooperation and stabilize training. Even
so, most of them were developed for conventional multi-agent reinforcement learning
benchmarks rather than language-based agents that coordinate through natural language,
implicit reasoning, and dynamically evolving task context. As a result, their assumptions
do not fully match the characteristics of LLM agent systems, where communication itself
can alter state interpretation, future choices, and the usefulness of later information.
Benchmark results further confirm the gap between current agent capability and the
demands of long-horizon collaborative tasks. Recent evaluation platforms show that LLM
agents often perform reasonably well on short or localized tasks, yet their performance
degrades when they must sustain coherent reasoning, interact with tools over multiple
steps, or coordinate in dynamic environments [14,15]. Failures in these settings are often
not caused by a complete lack of reasoning ability, but by instability in sequential decision
making: agents lose track of prior decisions, mis-handle delayed consequences, or fail to
align local actions with team-level objectives. These findings suggest that the problem is
not only one of planning quality, but also one of how learning signals are distributed
across time and across agents during training. Despite recent progress, several limitations
remain in the current literature. Existing work still focuses heavily on single-agent tasks or
simplified cooperative environments, leaving realistic multi-agent LLM settings
insufficiently studied. Many RL-based methods emphasize final task completion while
giving limited attention to how reward information should be propagated through long
trajectories. Coordination and credit assignment are also frequently treated as separate
issues, even though, in sequential multi-agent systems, they are tightly coupled: poor
credit assignment weakens coordination learning, and unstable coordination in turn
obscures accurate credit estimation. In addition, many reported experiments do not fully
examine training stability over long decision horizons, where cumulative error, delayed
feedback, and communication noise interact most strongly [16]. To address these
limitations, this study develops a reinforcement learning-guided coordination mechanism

for LLM-based agents in sequential decision tasks. The proposed framework combines
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temporal-difference learning with communication-aware reward design so that reward
signals can be propagated more effectively over time while remaining sensitive to inter-
agent interaction. Rather than treating coordination as a separate module appended to
policy learning, the method explicitly links reward timing, contribution estimation, and
agent communication within a unified training process. This design is intended to provide
more informative supervision for long-horizon decision making, reduce instability caused
by delayed or weak feedback, and improve the consistency of cooperative behavior across
sequential steps. The study evaluates this framework on 11,300 tasks covering multi-step
planning and resource allocation scenarios. The empirical analysis examines whether
integrating temporal credit assignment with interaction-aware learning can improve
coordination quality, accelerate convergence, and increase cumulative reward under long-
horizon conditions. Beyond performance gains alone, the broader significance of this work
lies in clarifying how reinforcement learning signals should be structured for language-
based multi-agent systems. By connecting reward attribution with communication
dynamics, this study aims to provide a more stable learning mechanism for collaborative
LLM agents and to offer a practical foundation for deploying such agents in complex tasks

that require sustained reasoning, adaptive coordination, and reliable multi-step execution.

2.Materials and Methods

2.1. Samples and Study Scope

The experiments used 11,300 sequential decision tasks that involve multi-step planning
and resource allocation. Each task required a group of language-driven agents to
complete a sequence of actions under changing conditions. Tasks were generated under
controlled settings to vary decision length, dependency between steps, and interaction
among agents. Planning tasks included step-by-step goal completion with intermediate
constraints, while resource allocation tasks involved assigning limited resources over
time. The number of agents ranged from 3 to 10 to reflect different levels of coordination
complexity. The dataset was divided into training, validation, and test sets, with no
overlap between tasks. This design allowed the evaluation of both learning performance

and generalization to unseen task sequences.
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2.2. Experimental Design and Baseline Settings

The proposed method used a reinforcement learning-based coordination mechanism that
combines temporal credit assignment with interaction-aware policy updates. Its
performance was compared with three baseline methods. The first baseline used
decentralized reinforcement learning without explicit credit assignment. The second
baseline applied standard temporal-difference learning with shared rewards but without
interaction-aware updates. The third baseline used supervised fine-tuning without
reinforcement learning. All methods used the same base language model and similar
training budgets to ensure a fair comparison. The experiments evaluated cumulative
reward, policy stability, and convergence speed. Each setting was repeated with multiple

random seeds, and the results were averaged.

2.3. Measurement and Quality Control

Model performance was evaluated using three measures: cumulative reward, policy
oscillation, and convergence speed. Cumulative reward was defined as the total reward
obtained over a task sequence. Policy oscillation was measured by the variance of action
probabilities across training iterations. Convergence speed was defined as the number of
training steps required to reach stable performance. Each experiment was repeated five
times with different initial conditions. Mean values and standard deviations were
reported. Outliers were removed using an interquartile range method. Hyperparameters,
including learning rate, discount factor, and update frequency, were selected based on
validation results and kept fixed during testing. Training stability was monitored by

tracking reward trends and policy updates.

2.4. Data Processing and Model Formulation

All input sequences were standardized before training to ensure consistent
representation. Agent states were encoded using the underlying language model, and
interaction information was included as additional input features. The temporal-

difference update was defined as

8¢=re+yV(se1)-V(sy)

Where r, is the reward at step t, y is the discount factor, and V(s,) is the value function.

The policy was updated using an advantage-based objective:
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L=-E[log T (a|s)A]

Where A, is the estimated advantage. Interaction-aware reward adjustment was applied

by weighting rewards based on agent communication patterns.

2.5. Implementation and Evaluation Procedure

The model was implemented using an actor-critic structure combined with a language
model encoder. Training was performed with mini-batch updates over multiple episodes.
During each step, agents selected actions based on current states and received feedback
from both task outcomes and interaction signals. In the evaluation stage, the model was
tested on unseen tasks with different sequence lengths and agent configurations.
Performance was measured before and after training convergence. All methods were
trained and evaluated under the same computational environment to ensure consistency.
Final results were reported as mean values with standard deviations across repeated

runs.

3.Results and Discussion

3.1. Overall coordination performance

The proposed framework achieved the best performance among all methods on the
11,300 sequential decision tasks. Cumulative reward increased by 27.1%, which shows
that the coordination mechanism improved decision quality over long action sequences.
This improvement appeared in both planning and resource allocation tasks, which
suggests that the method worked well across different task types. As shown in Fig.1, the
proposed model kept higher performance during training and reached a better final
reward than the baseline agents. This result is consistent with recent studies showing
that improved coordination and planning can enhance performance in LLM-based agent

systems [17,18].
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Figure 1. Cumulative reward across methods during training on sequential decision tasks.

3.2. Policy stability under delayed feedback

The proposed method also reduced policy oscillation by 35.6%, which indicates more
stable learning. In long-horizon tasks, delayed rewards often make training unstable
because it is hard to link actions with outcomes. The use of temporal-difference updates
together with communication-aware rewards helped provide clearer learning signals. As
shown in Fig.2, the reward curve of the proposed method became stable earlier, while
baseline methods showed larger fluctuations. This result supports recent findings that
process-level feedback is important for stable learning in sequential decision tasks

[19,20].
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Figure 2 Reward stability across training iterations for different methods.
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3.3. Convergence behavior and comparison with earlier studies

The convergence speed improved by 18%, which means that the model reached stable
performance with fewer training steps. This is important for real applications where
training time is limited. Previous studies have shown that weak reward signals can slow
learning in both single-agent and multi-agent systems. Some methods improve planning
quality, while others improve coordination, but few combine both aspects. The present
results show that linking temporal credit assignment with interaction-aware learning
can improve both learning speed and final performance. This extends earlier work by

providing a unified approach for sequential multi-agent coordination [21,22].

3.4. Practical implications and limitations

The results suggest that reinforcement learning can improve coordination in LLM-based
agents when both reward timing and agent interaction are considered. This approach is
useful for tasks that require multiple agents to act over several steps, such as planning,
resource allocation, and workflow management. However, the experiments were
conducted in controlled environments, and the reward design was fixed during training.
In real systems, task conditions and communication patterns may change over time.
Future work should test adaptive reward designs and evaluate the method in more

complex and dynamic environments.

4.Conclusion

This study examined a reinforcement learning-based coordination method for LLM-
driven agents in sequential decision tasks. The approach combined temporal-difference
updates with communication-aware rewards to support coordination over long action
sequences. The results showed higher cumulative reward, reduced policy variation, and
faster convergence compared with baseline methods. These findings suggest that
aligning reward timing with agent interaction can improve both training stability and
decision quality. The main contribution is a unified framework that addresses temporal
credit assignment and multi-agent coordination within a single learning process,
supported by evaluation on a large set of sequential tasks. The method is suitable for
applications that require multi-step coordination, such as workflow planning, resource

allocation, and decision support systems. However, the experiments were conducted in
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controlled settings, and the reward design was fixed during training, which may limit

flexibility in real applications. Future work should explore adaptive reward strategies

and evaluate the method in more complex environments with changing conditions and

interaction patterns.
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