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Curriculum Learning Framework Based on Reinforcement Learning in Sparse Heterogeneous
Multi-agent Environments

LUO Ruiging' ,ZENG Kun' and ZHANG Xinjing®

1 School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou 510006, China

2 91976 Unit,People’s Liberation Army of China,Guangzhou 510430, China

Abstract The battlefield of modern warfare is large and has a variety of units,and the use of multi-agent reinforcement learning
(MARL) in battlefield simulation can enhance the collaborative decision-making ability among combat units and thus improve
combat effectiveness. Current applications of Multi-agent reinforcement learning( MARL) in military simulation often rely on two
simplifications : the homogeneity of agents and dense distribution of combat units, real-world warfare scenarios may not always ad-
here to these assumptions and may include various heterogeneous agents and sparsely distributed combat units. In order to ex-
plore the potential applications of reinforcement learning in a wider range of scenarios,this paper proposes improvements in these
two aspects. Firstly,a multi-scale multi-agent amphibious landing environment(M2ALE) is designed to address the simplifica-
tions, incorporating various heterogeneous agents and scenarios with sparsely distributed combat units. These complex settings
exacerbate the exploration difficulty and non-stationarity of multi-agent environments, making it difficult to train with commonly
used multi-agent algorithms. Secondly,a heterogeneous multi-agent curriculum learning framework(HMACL) is proposed to ad-
dress the challenges in the M2ALE environment. HMACL consists of three modules:source task generating(STG) module, class
policy improving(CPI) module,and Trainer module. The STG module generates source tasks to guide agent training, while the
CPI module proposes a class-based parameter sharing strategy to mitigate the non-stationarity of the multi-agent system and im-

plement parameter sharing in a heterogeneous agent system. The Trainer module trains the latest policy using any MARL algo-
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rithm with the source tasks generated by the STG and the latest policy from the CPI. HMACL can alleviate the exploration diffi-

culty and non-stationarity issues of commonly used MARL algorithms in the M2ALE environment and guide the learning process

of the multi-agent system. Experiments show that using HMACL significantly improves the sampling efficiency and final per-

formance of MARL algorithms in the M2ALE environment.
Keywords

ment design
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