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Sequential Cooperative Action Generation in Multi-Agent Systems

Considering Action Decision Priorities

(O Kai Yamashita, Ren Komatsu, Keiji Nagatani, Hajime Asama, Qi An, Atsushi Yamashita

(The University of Tokyo)

Abstract: This research deals with cooperative action generation using deep learning in multi-agent systems. In order to generate
cooperative actions, it is necessary to take into account the actions of other agents that have already made decisions, rather than
allowing each agent to decide its own actions independently. Based on the assumption that the priority of action decisions is
important to generate cooperation, which is a mutual relationship among agents, we proposed a network to determine the order of
action decisions. By combining the proposed method with the Transformer-based previous method for sequentially determining
the actions of multiple agents, we verified the effectiveness of the proposed method on the SMACv2 benchmark.
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Fig.1 Overview of the Proposed Method. The proposed model
consists of the Encoder, Decoder, and Order Network compo-
nents: the Order Network outputs the order in which the agents
decide their actions, and the Decoder decides the actions of
each agent based on the order and the output of the Encoder.
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Table 1 hyper parameter config

hyper parameters value
learning rate 5.0e-4
optimizer Adam
optimizer eps 1.0e-5
hidden layer dim 64
num Attention Head 1

num Transformer Layer | 1
episode length 100
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Fig.2 Experiment Results
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