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Abstract. 

Scalability remains a limiting factor in collaborative decision 

systems as the number of agents increases. This study examines a 

centralized training with decentralized execution (CTDE) 

paradigm to improve coordination efficiency under large-scale 

settings. A QMIX-based value decomposition framework is 

employed, allowing joint action-value estimation during training 

while preserving independent execution policies. The approach is 

evaluated on 9,400 large-scale coordination tasks with agent 

populations ranging from 10 to 50. Compared with independent 

learning baselines, the proposed method increases global reward 

by 28.6% and improves coordination success rate from 68.5% to 

82.9%. Notably, performance degradation remains below 5% as 

agent count scales, indicating strong robustness. These results 

demonstrate that value factorization under CTDE is effective for 

managing complexity in distributed decision systems.
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1.INTRODUCTION 

Scalable coordination is a central problem in distributed decision systems, where a large number 

of agents must act under partial information, limited observability, and dynamic environmental 

constraints. As the number of agents increases, the joint action space expands rapidly, and the 

difficulty of maintaining consistent coordination rises accordingly. Under these conditions, even 

small local errors may propagate through the system and reduce overall decision quality. Multi-

agent reinforcement learning (MARL) has become an important framework for addressing such 

problems because it allows agents to learn cooperative behaviors directly from interaction data [1]. 

Even so, recent studies continue to show that scalability, coordination efficiency, and training 

stability remain major challenges, especially in systems with many interacting agents and complex 

dependencies across decisions [2,3]. The difficulty of scalable coordination is related not only to 

the growth of the joint action space, but also to the quality of representation and inference used to 
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capture inter-agent dependencies. Recent work has shown that structured modeling and 

representation methods can improve the organization of complex inference processes, making it 

easier to preserve useful relational information in large decision systems [4]. This point is 

especially relevant in multi-agent learning, where coordination quality depends heavily on whether 

the learning framework can capture both local behaviors and higher-order interaction patterns. 

When representations are weak or overly simplified, learning may become inefficient, and 

coordination performance may degrade quickly as the number of agents increases. For this reason, 

scalable multi-agent coordination is increasingly viewed as a problem that involves not only 

optimization, but also representation capacity and robustness of value estimation [5,6]. Centralized 

training with decentralized execution (CTDE) has been widely studied as a practical solution to 

this challenge. In this framework, agents are trained with access to global or shared information, 

while execution remains decentralized so that each agent can act independently at test time [7,8]. 

This design balances the advantages of centralized learning and decentralized control, and it is 

particularly attractive in large systems where full communication during execution may be 

impossible or too costly. Within the CTDE framework, value decomposition methods have 

become one of the most influential directions. These methods decompose a global value function 

into agent-level components so that decentralized policies can be learned more effectively while 

still aligning with the team objective. By reducing the difficulty of directly estimating a high-

dimensional joint action-value function, value decomposition provides a useful path toward more 

scalable cooperation in MARL. A number of representative studies have improved this line of 

research. FACMAC combines a centralized critic with factorized learning to support both 

cooperative optimization and flexible action representations [9]. QPLEX improves the 

expressiveness of value decomposition under the individual-global-max principle and enhances 

policy consistency between local and global objectives [10,11]. REFIL introduces random 

factorization to improve generalization and make decomposition less dependent on a fixed 

structure [12,13]. These methods have demonstrated that value decomposition can support 

effective coordination across a range of multi-agent tasks. However, their performance often 

declines when the number of agents becomes large, when interactions become more 

heterogeneous, or when the coordination structure changes across environments. This suggests 

that the scalability of value decomposition remains an open question rather than a fully resolved 

issue. Recent studies have also attempted to improve large-scale coordination through stronger 

representation learning and better communication mechanisms [14,15]. Attention-based methods 

have been used to model interaction patterns more adaptively and to improve credit assignment by 

focusing on relevant agent relationships [16,17]. Other approaches incorporate explicit 

communication, latent messaging, or teammate modeling to support coordination under partial 

observation and uncertain local information [18]. These developments have improved learning 

efficiency in many settings, particularly when agent dependencies are sparse or structured. Even 

so, they do not fully remove the scalability bottleneck. As the number of agents grows, the 

coordination graph becomes more complex, the diversity of local states increases, and the stability 

of global cooperation becomes harder to maintain. In large systems, stronger interaction modeling 

alone does not guarantee that value learning will remain reliable or that decentralized policies will 

scale smoothly. Several limitations therefore remain in current CTDE-based research. Many value 

decomposition methods still rely on predefined or relatively rigid mixing structures, which may 

not adequately represent complex nonlinear interactions among many agents. Some methods also 

depend on assumptions about monotonicity, factorization quality, or interaction sparsity that may 

not hold in practical decision environments. In addition, a substantial portion of the existing 
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literature is evaluated on relatively small or simplified benchmarks, making it difficult to judge 

whether reported gains can transfer to large-scale systems with dense coordination requirements. 

Another important issue is that much of the literature emphasizes reward improvement on standard 

tasks, while less attention is given to how model behavior changes as the number of agents 

increases. From the perspective of distributed decision systems, this missing analysis is important, 

because a method that performs well with a small team may become unstable, inefficient, or overly 

sensitive when scaled to a much larger population. These observations indicate that further 

evidence is needed on the scalability and robustness of CTDE methods in large systems. In 

particular, it remains necessary to examine whether value decomposition can continue to provide 

reliable coordination when the agent population grows substantially and when decision 

dependencies become more difficult to manage. Such analysis is meaningful not only for MARL 

theory, but also for practical applications in distributed control, cooperative robotics, network 

management, resource allocation, and other large-scale decision scenarios where coordination 

must be maintained under decentralized execution constraints. A clearer understanding of 

scalability can help determine whether current CTDE methods are sufficient for real deployment 

or whether additional mechanisms are needed to preserve coordination quality as system size 

increases. Motivated by this gap, the present study investigates the scalability of a CTDE 

framework based on QMIX for large-scale coordination tasks. The method adopts centralized 

value learning during training and decentralized policies during execution, with the aim of 

examining whether this design can maintain coordination performance as the number of agents 

increases. Experiments are conducted on a large set of coordination tasks involving up to 50 agents, 

and the evaluation considers cumulative reward, success rate, and performance stability under 

different scales of interaction. The significance of this study lies in providing a clearer empirical 

assessment of how value decomposition behaves in large distributed decision environments. By 

focusing directly on scalability rather than only benchmark-level reward gains, this work seeks to 

clarify the strengths and limits of CTDE-based coordination in larger systems. The findings are 

expected to provide useful evidence for understanding when value decomposition remains 

effective, where performance degradation begins to emerge, and how future scalable MARL 

frameworks may be designed for more robust distributed coordination. 

2.Materials and Methods 

2.1 Task Setup and Data Description 

This study uses 9,400 coordination tasks. Each task includes 10 to 50 agents in a shared 

environment. Agents act based on local observations and do not have full access to global 

information during execution. The tasks include resource scheduling, routing, and load balancing. 

These settings reflect common distributed systems. The state includes resource levels, task 

demand, and nearby agent behavior. The reward combines global outcome and local feedback. 

The dataset is split into training (70%), validation (15%), and test (15%) sets. 

2.2 Experimental Design and Baselines 

The model follows a centralized training with decentralized execution (CTDE) structure based on 

QMIX. During training, global state information is used to estimate the joint value. During 

execution, each agent acts using its own observation. The method is compared with independent 

Q-learning (IQL) and independent actor-critic (IAC). All methods use the same environment, 

reward, and training steps. No extra information is given to any model. Each setting is tested five 

times with different random seeds. The average result is reported. 
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2.3 Measurement and Quality Control 

Performance is measured by global reward, success rate, and change in performance as the number 

of agents increases. The success rate is defined as the ratio of tasks that meet the target condition. 

All models are trained with the same number of steps. Gradient clipping is applied to keep updates 

stable. The same group of random seeds is used for all methods. Validation data are used to check 

training progress and to select the final model. 

2.4 Data Processing and Model Formulation 

All inputs are normalized before training. The model uses a value decomposition structure. The 

joint value is written as: 

Q
tot
(s,u)=f(Q

1
,Q

2
,…,Q

n
;s) 

where each Q
i
 depends on local observation and action. The mixing function depends on the global 

state and is monotonic. The loss function is: 

L=E[(y-Q
tot
)
2] 

where y is the target value. This form allows joint learning while keeping decentralized policies. 

2.5 Implementation Details 

All models are implemented in PyTorch and trained on GPU. Each network has two hidden layers 

with 128 units. ReLU is used as the activation function. The learning rate is 5×10
-4

, and the 

discount factor is 0.99. The batch size is 64, and the replay buffer size is 100,000. The target 

network is updated every 200 steps. Each model is trained for 1.5 million steps. All settings are 

kept the same across methods. 

3.Results and Discussion 

3.1 Overall coordination performance 

The proposed CTDE method performs better than the baseline methods on all test tasks. The global 

reward increases by 28.6%, and the success rate rises from 68.5% to 82.9%. This shows that 

centralized value learning helps agents learn more consistent joint actions. The improvement is 

more clear when the number of agents is large. In tasks with more than 30 agents, baseline methods 

often fail to keep stable coordination. In contrast, the proposed method keeps stable performance, 

as shown in Fig. 1. This result is in line with recent studies, which report that centralized training 

can reduce instability caused by partial observation and changing agent behavior [19,20]. 

 
Figure 1. Global reward and success rate of different methods across agent sizes. 
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3.2 Scalability with increasing agents 

The method shows strong scalability when the number of agents increases. The performance drop 

stays below 5% as the agent size grows from 10 to 50. This indicates that value decomposition can 

handle large joint action spaces. Baseline methods show a different trend. Their performance 

decreases steadily as more agents are added. This suggests that independent learning cannot 

manage the growing coordination complexity. As shown in Fig. 2, the proposed method keeps a 

stable performance level across different scales. This finding agrees with earlier work on QMIX, 

which shows that factorized value learning is effective in cooperative tasks with many agents 

[21,22]. 

 
Figure 2. Performance variation of each method as the number of agents increases. 

3.3 Comparison with existing studies 

The results are consistent with previous CTDE studies, but they also extend current findings. 

Earlier work shows that value decomposition improves coordination in standard benchmarks. 

Some recent studies further improve performance using attention, graph models, or role 

assignment. However, many of these studies focus on small or fixed task settings. In this study, 

the method is tested on 9,400 tasks with up to 50 agents. The results show that the method remains 

effective in larger and more complex environments. This provides stronger evidence that CTDE 

can support large-scale coordination, not only small benchmark tasks [23,24]. 

3.4 Practical meaning and limitations 

The results suggest that CTDE with value decomposition is suitable for large distributed systems. 

It can be applied to scheduling, routing, and other coordination tasks where agents act based on 

local information. The method improves coordination without increasing execution cost. This is 

important in real systems with limited communication. However, there are still some limitations. 

The experiments are based on simulated tasks, and the model assumes cooperative value 

decomposition. In more complex environments with different agent roles or changing interactions, 
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performance may vary. Future work can explore more flexible model structures and test the 

method in real-world systems. 

4.Conclusion 

This study tests a CTDE framework based on QMIX for large-scale multi-agent coordination. The 

results show higher global reward, better success rate, and stable performance as the number of 

agents increases. The performance drop remains small when the system scales, which indicates 

good robustness. These results show that value decomposition with centralized training can 

support stable coordination in complex tasks. The main contribution is to show that this approach 

still works well when the number of agents becomes large. This is a common difficulty in many 

MARL methods. The method can be used in tasks such as scheduling, routing, and resource 

allocation, where agents act on local information but share a common goal. There are still some 

limits. The experiments are based on simulated tasks, and the model assumes cooperative value 

decomposition. In more complex settings with different agent roles or changing interactions, the 

results may vary. Future work can test the method in real systems and explore more flexible 

models. 
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