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Multi-agent Collision Avoidance Control
Based on MATD3 Algorithm
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Abstract: Multi-agent twin delayed deep deterministic policy gradient(MATD3) algorithm is used to study the obstacle
avoidance and target reaching of UAVs. Firstly, the advantage of MATD3 algorithm is used to improve the training efficien-
cy. Secondly, a dense reward function is designed based on the idea of artificial potential field, which can accelerate the
learning speed and help the agent get positive feedback when the optimal solution is not found. In the experiment, the effec-
tiveness of the algorithm is verified by the comparison experiment and generalization experiment.
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