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Abstract 

Generalizing collaborative strategies across heterogeneous tasks remains a major 
challenge for reinforcement-driven systems. This work examines a meta-reinforcement 
learning framework that enables rapid adaptation of coordination policies across 
domains. The model employs model-agnostic meta-learning (MAML) combined with 
PPO to learn a shared initialization that can be fine-tuned with limited task-specific 
data. Experiments are conducted on a composite dataset of 11,400 tasks spanning 
scheduling, routing, and resource optimization domains. The approach achieves a 
23.1% improvement in zero-shot performance and reduces adaptation steps by 34.6% 
compared to task-specific training. Furthermore, cross-domain performance variance 
is reduced by 20.8%, indicating more stable transfer. These findings suggest that meta-
learning provides an effective mechanism for scaling collaborative decision systems to 
diverse environments. 
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1.Introduction 

Collaborative decision systems arise in many real-world settings, including scheduling, 

routing, and resource allocation, where multiple interdependent decisions must be 

coordinated under uncertainty. Reinforcement learning (RL) has been widely studied for such 

problems because it can learn decision policies through interaction with the environment and 

adjust to changing operating conditions. Recent studies have reported promising results in 

cloud scheduling, job-shop planning, and dynamic routing, suggesting that RL can effectively 

improve decision efficiency in complex systems [1]. At the same time, recent work on 

structured modeling and representation for complex inference processes has shown that 

explicitly capturing shared intermediate patterns can improve reasoning robustness and 

adaptability across tasks [2]. This line of evidence is relevant to collaborative decision 

systems, where effective coordination often depends not only on local action selection but 

also on how common relational and structural features are represented across tasks. Despite 

these advances, most existing RL-based decision models remain strongly task-specific. Their 
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state representations, reward functions, and coordination rules are often designed for a single 

environment, which limits their applicability when system dynamics, operational constraints, 

or interaction structures change [3, 4]. A central challenge is therefore the weak 

transferability of policies across domains. A policy trained in one environment may perform 

well under a particular set of constraints, yet its effectiveness often declines when applied to 

another domain with different dynamics, resource dependencies, or coordination patterns. 

Existing research on RL transfer has shown that successful generalization depends heavily on 

whether shared task features and reusable decision patterns can be captured during training. 

Studies have shown that shared representations can improve learning efficiency and reduce 

adaptation cost, while transfer performance is closely related to the similarity between source 

and target tasks [5, 6]. These findings suggest that direct fine-tuning alone is often insufficient 

for cross-domain deployment, especially in collaborative systems where coordination 

mechanisms vary across applications. Meta-reinforcement learning offers a promising 

direction for addressing this limitation by emphasizing rapid adaptation rather than static 

policy learning [7]. Instead of optimizing a policy for a single fixed environment, meta-RL 

seeks an initialization that can be efficiently adapted to unseen tasks with limited additional 

data. Recent studies support the effectiveness of this idea. Training on diverse environments 

has been shown to improve adaptation ability, transferable skill representations have been 

introduced for long-horizon problems, and hierarchical optimization strategies have been 

used to stabilize policy updates during adaptation [8, 9]. These studies indicate that meta-

learning can reduce the data and training effort required for new tasks. However, most 

existing work has been developed for single-agent control problems and standard benchmark 

environments, leaving its value for collaborative decision systems across heterogeneous 

domains insufficiently explored. In parallel, multi-agent reinforcement learning (MARL) has 

provided important insights into coordination and cooperation. Existing studies have 

explored cross-group agent representation learning, partner-aware cooperation, zero-shot 

coordination, and role-based interaction modeling. These methods improve collaborative 

behavior under controlled conditions and demonstrate that modeling inter-agent differences 

can benefit coordination quality. Even so, most evaluations remain concentrated in simulated 

or game-like scenarios with relatively simple interaction structures. Their implications for 

broader collaborative decision settings, such as scheduling systems, routing networks, and 

resource allocation platforms, remain unclear. In practical applications, agents or decision 

units may differ in function, information access, objective emphasis, and interaction topology, 

making coordination transfer substantially harder than in stylized benchmarks [10, 11]. 
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Another closely related issue is cross-domain RL under distribution shift. Recent studies have 

shown that transfer performance is highly sensitive to the match between source and target 

environments, and that the reuse of prior knowledge can improve learning stability under 

continual adaptation settings [12, 13]. These findings highlight the importance of adaptation 

design in environments where task distributions are not fixed. However, much of this 

literature focuses on offline transfer, continual single-task updates, or relatively narrow forms 

of environmental change [14, 15]. It does not fully address the setting considered in this study, 

where collaborative decision tasks differ across domains while still sharing underlying 

coordination principles. Several gaps therefore remain in the current literature. Existing 

studies often rely on small or closely related task sets, which limits the strength of their cross-

domain evaluation. Experimental settings are frequently simplified through homogeneous 

agents, fixed interaction patterns, or narrowly defined coordination structures, making it 

difficult to assess whether the learned policies remain effective in more realistic collaborative 

systems. In addition, many evaluations emphasize final task performance, while paying less 

attention to adaptation efficiency and training stability during transfer [16, 17]. For real-

world decision systems, these aspects are crucial. A method that eventually reaches a good 

solution but adapts slowly or behaves inconsistently across domains may still have limited 

practical value [18]. This study is motivated by the need for a learning framework that can 

preserve coordination quality while adapting efficiently to new collaborative decision 

environments. To address this need, this work develops a meta-reinforcement learning 

framework for cross-domain collaborative decision systems by combining model-agnostic 

meta-learning with proximal policy optimization. The proposed framework is designed to 

learn a shared policy initialization that captures common coordination patterns across tasks 

and can be adapted to new domains using limited task-specific data. The target setting 

includes decision problems that differ in operational structure but exhibit related 

coordination logic, such as scheduling, routing, and resource allocation. In this context, the 

value of the framework lies not only in improving final policy quality, but also in reducing 

adaptation burden and maintaining stable decision behavior when task characteristics change. 

The significance of this study lies in three aspects. It provides a unified learning perspective 

for cross-domain adaptation in collaborative decision systems, where conventional task-

specific RL methods often struggle to generalize. It offers a broader empirical examination 

based on a large and diverse task set, which enables a more credible evaluation of 

generalization ability across domains. It also places explicit emphasis on adaptation behavior, 

including efficiency and stability, rather than considering final performance alone. More 
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broadly, while RL, transfer learning, and meta-learning have each shown value in complex 

decision problems, their integration for collaborative systems operating across domains 

remains limited. This study seeks to fill that gap by developing a framework that supports 

more transferable coordination policies, lowers adaptation cost, and improves the robustness 

of collaborative decision making in heterogeneous application scenarios. 

2.Materials and Methods 

2.1. Samples and Study Scope 

This study used a composite dataset with 11,400 tasks from three decision domains: 

scheduling, routing, and resource allocation. Each task included a state space, an action space, 

transition rules, and a reward function. The tasks were generated under controlled simulation 

conditions to cover different levels of scale, constraint intensity, and decision dependency. In 

the scheduling domain, tasks differed in job number, machine load, and processing order. In 

the routing domain, tasks included changes in demand, path structure, and delivery 

constraints. In the resource allocation domain, tasks involved limited capacity, competing 

requests, and time-sensitive assignment rules. The full dataset was divided into meta-training, 

meta-validation, and meta-testing sets. No task instance appeared in more than one subset. 

This design allowed the model to be tested on both known and unseen task patterns. 

2.2. Experimental Design and Baseline Settings 

The proposed method combined model-agnostic meta-learning (MAML) with proximal policy 

optimization (PPO). Its performance was compared with three baseline methods. The first 

baseline was task-specific PPO, in which a separate policy was trained for each domain. The 

second was multi-task PPO, in which one model was trained on all tasks without meta-

learning. The third was a shared pre-trained model followed by direct fine-tuning on each 

target task. To keep the comparison fair, all methods used the same policy network, training 

budget, and stopping rule. The experiments focused on three aspects: zero-shot performance, 

adaptation speed, and final task success rate. Each setting was repeated with several random 

seeds so that the results were not dominated by one training run. 

2.3. Measurement and Quality Control 

Model performance was measured by task success rate, cumulative reward, and the number 

of update steps needed to reach a target level of performance. The success rate was defined as 

the proportion of tasks that satisfied domain-specific goals. Cumulative reward was used to 

describe the overall quality of the decision process. Adaptation steps were used to show how 
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quickly the model adjusted to a new task. To improve result reliability, each experiment was 

repeated five times under different initial conditions, and the mean values were reported. 

Abnormal runs caused by unstable training were screened with the interquartile range rule. 

Key hyperparameters, including learning rate, batch size, and PPO clipping threshold, were 

selected on the validation set and then fixed for all experiments. Training stability was 

checked by monitoring reward variance and policy entropy during the learning process. 

2.4. Data Processing and Model Formulation 

Before training, all state variables were normalized to zero mean and unit variance. Task 

features from different domains were converted into fixed-length vectors so that they could 

be processed by the same network. The proposed method used a two-stage update scheme. In 

the inner stage, the shared parameter vector was adapted to each sampled task by gradient 

descent: 

θi'=θ-α∇θLi(θ) 

Where θ is the shared initialization, α is the inner-loop step size, and Li(θ) is the loss on task i. 

In the outer stage, the shared parameters were updated with the adapted task parameters: 

θ←θ-β∑∇θ

i

Li(θi') 

Where β is the meta learning rate. Within each task, policy learning followed the PPO 

objective: 

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

Where rt(θ) is the policy probability ratio at step t, Ât is the estimated advantage, and ϵ is the 

clipping coefficient. 

2.5. Implementation and Evaluation Procedure 

The model was built on an actor-critic structure with a shared feature encoder and separate 

policy and value branches. Training was carried out with mini-batch updates and a fixed 

number of epochs in each iteration. During meta-training, tasks were sampled in batches, and 

both inner-loop and outer-loop updates were computed in each cycle. In the test stage, the 

model was evaluated on unseen tasks from all three domains. Zero-shot performance was 

measured before any update on the target task. Few-shot adaptation was measured after a 

small number of gradient steps. All methods were trained and tested under the same 

computational setting to avoid hardware-related bias. Final results were reported as mean 

values with standard deviations across repeated runs. 
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3.Results and Discussion 

3.1. Overall Cross-Domain Performance 

The proposed method achieved better results than all baseline methods in the three task 

domains. Zero-shot performance increased by 23.1% compared with task-specific training, 

which shows that the learned initialization can be used across different tasks. In addition, the 

variance across domains decreased by 20.8%, indicating more stable behavior when the task 

type changes. As shown in Fig.1, the proposed model kept higher performance from the initial 

stage to the final adapted stage. This result is in line with recent studies on transfer in 

reinforcement learning, which reported that shared knowledge can improve performance on 

new tasks [19, 20]. However, most of those studies were tested on similar environments, 

while the present work covers more diverse task types. 

 

Figure 1 Performance comparison across domains, showing results before and after adaptation in scheduling, 
routing, and resource allocation tasks. 

3.2. Adaptation Efficiency and Stability 

The proposed method also showed faster adaptation. The number of update steps needed to 

reach stable performance was reduced by 34.6% compared with task-specific training. This 

result suggests that the learned initialization is closer to a suitable solution for new tasks. As 

shown in Fig.2, the improvement appears in all three domains, including tasks with different 

constraints and state structures. In practical systems, this feature is useful because it reduces 

retraining time when conditions change. Previous studies reported that transfer methods may 
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fail when tasks are not similar, or when training becomes unstable due to conflicting 

gradients. The current results show that learning a shared starting point can reduce these 

issues and support more reliable adaptation [21, 22]. 

 

Figure 2 Comparison of adaptation speed, measured by the number of update steps needed to reach stable 
performance across tasks. 

3.3. Comparison with Existing Studies 

Compared with recent studies, the proposed method shows two main advantages. First, it 

handles a wider range of task types. Many existing methods focus on transfer within a single 

problem class, such as routing or game environments. For example, some studies improve 

cooperation across similar benchmark tasks, while others study transfer between related 

optimization problems. These settings are useful but do not fully represent real-world 

systems with different task structures. In contrast, this study includes scheduling, routing, and 

resource allocation tasks in one framework. Second, the evaluation includes multiple 

measures, such as zero-shot performance, adaptation steps, and performance variance. This 

provides a more complete view of model behavior. These results support the view that meta-

learning can improve both efficiency and stability in collaborative decision problems [23, 24]. 

3.4. Implications and Limitations 

The results indicate that meta-reinforcement learning is suitable for cross-domain decision 

systems. A shared initialization can reduce training cost and improve stability when tasks 

change. This is useful for applications such as dynamic scheduling and adaptive resource 

management. However, several limitations should be noted. The experiments were conducted 

in simulated environments, which may not fully represent real systems. In addition, all tasks 

used a common model structure, which may not perform well when task differences become 

larger. Future work should test the method in real-world settings and consider model designs 



Frontiers in Applied Physics and Mathematics Volume 3 Issue 2, 2026 

e-ISSN: 3079-6377   p-ISSN: 3079-6369  

 

72 

that can better handle different state and action spaces. These steps are needed to confirm 

whether the method can maintain its performance in more complex conditions. 

4.Conclusion 

This study investigated a meta-reinforcement learning method for cross-domain adaptation in 

collaborative decision systems. The framework combined model-agnostic meta-learning with 

proximal policy optimization to learn a shared policy initialization that can be adjusted to new 

tasks with limited data. The results showed clear improvements in zero-shot performance, 

faster adaptation, and lower performance variation across scheduling, routing, and resource 

allocation tasks. These findings suggest that a shared starting point can support more stable 

and efficient learning when task conditions change. The main contribution is the integration 

of meta-learning with multi-domain collaborative decision problems, supported by a large-

scale evaluation that considers both performance and adaptation behavior. The method can 

be applied to systems where operating conditions vary over time, such as logistics, production 

planning, and resource allocation. However, the study is based on simulated environments, 

and the model uses a common structure for all tasks, which may limit its performance in more 

complex settings. Future work should include tests on real-world systems and explore model 

designs that better handle differences in state and action spaces. 
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