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Abstract 

Collaborative agent systems often suffer from inefficient coordination due to static role 
assignment in dynamic environments. This study investigates adaptive role allocation 
using a hierarchical reinforcement learning (HRL) framework, where a high-level 
controller assigns roles and low-level policies execute task-specific actions. The 
approach is trained using proximal policy optimization (PPO) with a role-transition 
regularization term to stabilize switching behavior. Experiments are conducted on a 
benchmark of 9,200 multi-step decision tasks, including scheduling and distributed 
planning scenarios. Results show that the proposed method improves task success rate 
from 73.6% to 86.8% and reduces redundant interactions by 24.5% compared to 
fixed-role baselines. In addition, convergence speed is accelerated by 19%, indicating 
more efficient policy learning. The findings suggest that hierarchical role modeling is 
effective for improving coordination efficiency in complex decision workflows. 
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1. Introduction 

Collaborative agent systems have been widely studied in scheduling, distributed planning, and 

other tasks that require coordination across multiple decision steps. In such settings, fixed 

role assignment often constrains system performance because it cannot respond effectively to 

changing task demands. When the environment, workload, or interaction structure shifts 

during execution, static role designs may leave some agents underused while others repeat 

overlapping actions, ultimately reducing coordination efficiency and wasting computational 

or operational resources [1]. Recent advances in multi-agent reinforcement learning (MARL) 

have improved cooperative decision-making and inter-agent communication, yet important 

challenges remain, including training instability, large joint action spaces, and weak 

adaptability in dynamic environments [2,3]. These difficulties become more pronounced in 

tasks with long decision chains, delayed rewards, and evolving interaction patterns, where 

effective coordination depends not only on local action quality but also on timely adjustment 

of agent responsibilities [4,5]. Hierarchical reinforcement learning (HRL) offers a useful 

framework for handling such long-horizon coordination problems. In this setting, a high-level 

policy determines abstract decisions such as subgoals, coordination modes, or role 

assignments, while low-level policies execute concrete actions under those decisions. By 

decomposing decision-making across levels, HRL can reduce learning complexity, improve 

credit assignment, and support more structured coordination in complex environments [6,7]. 
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Recent studies have applied hierarchical learning to emergency response, resource allocation, 

distributed control, and related multi-step decision tasks, showing that a separation between 

strategic coordination and local execution can improve both learning efficiency and policy 

robustness [8,9]. This line of research suggests that hierarchical structures are especially 

valuable when collaborative tasks require agents to adapt their functions over time rather 

than follow a fixed behavioral template [10]. A closely related research direction concerns 

role allocation. Instead of assigning permanent roles to agents before learning begins, 

adaptive role allocation methods allow the role structure itself to evolve with the task state, 

environmental feedback, and coordination demands [11]. This improves flexibility and can 

reduce redundant interactions across agents [12,13]. Such ideas have been explored in 

dynamic environments, traffic coordination, resource systems, scheduling, and distributed 

decision-making problems, where the division of labor must change as tasks unfold [14,15]. 

Existing results indicate that role allocation should not be treated as a separate preprocessing 

step, but as an integral component of the learning process. Even so, several limitations remain. 

Many existing methods optimize role assignment and action learning in a loosely coupled 

manner, which weakens coordination between strategic and operational decisions. Role 

switching is also often unstable, and excessive switching may interrupt behavioral 

consistency, increase exploration noise, and slow convergence [16]. In addition, empirical 

validation is frequently confined to relatively small task sets or isolated scenarios, making it 

difficult to judge whether the reported gains can generalize to more complex collaborative 

environments [17,18]. These gaps point to the need for a framework that can jointly model 

role adaptation and action execution while maintaining stable learning dynamics. For 

collaborative multi-step tasks, the value of adaptive role allocation lies not only in assigning 

different functions to different agents, but also in determining when role changes are truly 

beneficial and when they merely introduce unnecessary coordination overhead. A practical 

method should therefore balance flexibility and stability: it should allow agents to reconfigure 

their responsibilities when task conditions change, while discouraging frequent or 

uninformative role transitions that weaken cooperation. From this perspective, hierarchical 

learning provides a natural basis for adaptive coordination, but its effectiveness depends on 

how tightly the high-level role policy is linked to low-level execution and how well transition 

behavior is regularized during training. This study addresses that need by developing a 

hierarchical reinforcement learning framework for adaptive role allocation in collaborative 

agent systems. A high-level controller is used to assign agent roles according to the current 

task state, and low-level policies execute role-conditioned actions. Proximal Policy 

Optimization (PPO) is adopted for policy learning, and a role-transition regularization term is 

introduced to reduce unnecessary switching and improve coordination stability during 

training. The framework is evaluated on 9,200 multi-step tasks spanning scheduling and 

distributed planning scenarios, with the aim of improving coordination efficiency, reducing 

redundant interactions, and accelerating policy learning. The significance of this study lies in 

showing that adaptive role modeling can be integrated into hierarchical decision-making in a 

stable and scalable manner. By strengthening the connection between role assignment and 

action execution, the proposed approach contributes to the design of collaborative agent 

systems that are better suited to complex, changing task environments and offers empirical 

evidence for more effective coordination mechanisms in long-horizon multi-agent problems. 
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2. Materials and Methods 

2.1. Task Samples and Environment Description 

Experiments were carried out in a simulated multi-agent environment with role-dependent 

coordination. A total of 9,200 tasks were generated. Tasks covered scheduling and distributed 

planning settings with different levels of dependency and workload. Each task involved 4–6 

agents. Agents acted based on local observations and did not access the full system state. The 

environment included stochastic transitions and changing task conditions. Task settings 

varied in resource levels, dependency depth, and interaction frequency. The dataset was 

divided into training, validation, and test sets at a ratio of 70%, 15%, and 15%. Task 

parameters changed across episodes to avoid fixed patterns. 

2.2. Experimental Design and Baseline Setting 

Two settings were compared: a fixed-role baseline and a hierarchical role allocation model. In 

the baseline, each agent kept a fixed role throughout the task. In the hierarchical model, a 

high-level policy selected roles, and a low-level policy selected actions. Both settings used the 

same network structure and training configuration. PPO was used in both cases. This ensured 

that differences in performance came from role allocation. Each experiment was repeated five 

times with different random seeds. Results were averaged across runs. The comparison 

focused on success rate, redundant interactions, and convergence speed. 

2.3. Measurement Methods and Quality Control 

Three metrics were used: task success rate, redundant interaction count, and convergence 

speed. Task success rate was defined as the ratio of tasks completed within a fixed step limit. 

Redundant interactions referred to repeated actions that did not improve task progress. 

Convergence speed was measured by the number of episodes needed to reach stable 

performance. Results were averaged over repeated runs, and standard deviations were 

reported. All experiments used the same hardware and software setup. Hyperparameters 

were kept constant across settings. Early stopping based on validation results was applied to 

limit overfitting. 

2.4. Data Processing and Model Formulation 

Training data consisted of state–role–action–reward trajectories collected during interaction. 

Observations were normalized before input. Rewards were scaled to a fixed range to stabilize 

training. Policy learning followed PPO. The objective function is 

LPPO(θ)=Et[min(rt(θ)Ât, clip(rt(θ),1-ϵ,1+ϵ)Ât)] 

Where rt(θ) is the probability ratio and Ât is the advantage estimate. 

To reduce frequent role changes, a penalty term was added: 
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Lrole=λ⋅Et[1(zt≠zt-1)] 

Where zt is the role at step t, and λ controls the penalty strength. 

2.5. Training Procedure and Implementation Details 

Training was carried out for 1.3 million interaction steps. Trajectories were stored during 

training, and updates followed PPO with mini-batch sampling. The learning rate was 3×10-4, 

and the discount factor was 0.99. The clipping parameter was set to 0.2. The role policy and 

action policy were updated in an alternating manner. Parallel environments were used to 

improve sampling efficiency. The model was implemented in PyTorch and trained on a GPU. 

After training, the policy was tested on unseen tasks with different dependency levels to 

evaluate generalization performance. 

3. Results and Discussion 

3.1. Overall Coordination Performance 

The hierarchical role allocation model performed better than the fixed-role baseline on the 

full test set. The improvement appeared in both scheduling and distributed planning tasks. It 

was more obvious in tasks with deeper dependency and uneven workload. The success rate 

increased from 73.6% to 86.8%. This result shows that adaptive role assignment helped 

agents adjust to changing task demands more effectively. As shown in Fig. 1, the proposed 

method kept a clear advantage as task difficulty increased, while the fixed-role baseline 

showed a larger drop at later stages. Similar trends have been reported in recent studies, 

where hierarchical control improved coordination by separating global decisions from local 

actions [19,20]. 

 

Figure 1 Task success rates for hierarchical and fixed-role methods across task levels. 
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3.2. Reduction in Redundant Interactions 

The proposed method also reduced redundant interactions. Under the fixed-role setting, 

agents often repeated actions or produced unnecessary exchanges when the assigned roles no 

longer matched the current task state. The hierarchical model reduced redundant interactions 

by 24.5%. This reduction is important because repeated coordination increases system cost 

and slows task completion. The role-transition penalty appears to be useful in this process. By 

limiting frequent switching, it reduced unstable reassignment and kept local behavior more 

consistent. Earlier MARL studies have also noted that coordination quality depends not only 

on action selection, but also on whether agent responsibilities remain stable during execution 

[21,22]. 

3.3. Convergence Behavior and Training Stability 

Training efficiency improved under the hierarchical setting. The proposed method reached 

stable performance 19% faster than the fixed-role baseline. This result suggests that adaptive 

role assignment reduced the difficulty of flat policy learning. Instead of learning one broad 

policy for all situations, the model learned role-specific behaviors under guidance from the 

high-level controller. As shown in Fig. 2, the learning curve of the proposed method increased 

more smoothly and entered a stable stage earlier than the baseline. This result is in line with 

recent HRL studies, where hierarchical structure improved sample use and reduced instability 

in tasks with complex interaction patterns [23]. 

 

Figure 2 Learning curves for hierarchical and fixed-role training. 

3.4. Comparison with Existing Studies and Practical Implications 

Compared with earlier studies, this framework places more focus on the link between role 

selection and action execution during learning. Many existing methods focus on 

communication design, graph-based coordination, or task-specific control. Fewer studies 

examine how role reassignment itself should be learned and stabilized in one framework. The 
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present results suggest that explicit role modeling is useful in multi-step tasks with uneven 

workload and changing team demands. However, some limits remain. The experiments were 

conducted in a simulated environment, and the team size was still moderate. The switching 

penalty also used a fixed coefficient. Future work may consider larger teams, richer 

communication settings, and adaptive penalties for role change. Even with these limits, the 

results support hierarchical role modeling as a practical way to improve coordination 

efficiency in collaborative decision tasks [24]. 

4. Conclusion 

This study examined adaptive role allocation in collaborative agent systems using a 

hierarchical reinforcement learning framework. A high-level policy selected roles, and 

low-level policies executed actions. This setting improved coordination in multi-step tasks 

with changing demands. Compared with fixed-role methods, the approach achieved a higher 

success rate, reduced redundant interactions, and reached stable performance in fewer 

training steps. These results show that learning role structure together with action policies 

improves coordination efficiency and reduces unnecessary communication. The 

role-transition penalty helped limit frequent switching and kept behavior more stable during 

execution. The method can be applied to tasks such as scheduling and distributed planning, 

where workload and dependencies change over time. However, some limitations remain. The 

experiments were conducted in a simulated environment, and the number of agents was 

limited. The switching penalty used a fixed coefficient. Future work may consider larger 

systems, richer communication settings, and adaptive role transition methods to improve 

stability and scalability. 
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