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Communication-free distributed multi-robot enclosing control
algorithm based on end-to-end imitation learning

ZHONG Yuanxiang, LIU Mingyong, YAN Zhigiang, XUAN Liwei
(School of Marine Science and Technology, Northwestern Polytechnical University, Xi’an 710072, China)

Abstract: Existing multi-agent deep reinforcement learning methods typically rely on extensive
online interaction and exploration, suffering from low sample efficiency and training instability,
which fail to meet the requirement of direct deployment after offline training in practical applica-
tions. To address these challenges, a communication-free distributed encirclement control algo-
rithm based on end-to-end imitation learning is proposed. The algorithm enables robots to direct-
ly generate motion control commands using only local perception information of neighboring ro-
bots and obstacles through a pre-trained end-to-end neural network with attention mechanisms,
thereby achieving connectivity-preserving and collision-free target encirclement. The neural net-
work is trained via supervised learning with offline data to replicate centralized optimal decision-
making behavior, which avoids the exploration costs and convergence instability inherent in deep
reinforcement learning. Simulation results demonstrate that the proposed algorithm can success-
fully complete the encirclement task in test scenarios involving 6 to 15 robots, while maintaining
connectivity and collision-free constraints. It exhibits good generalization and robustness across

various scale scenarios and complex environments.
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