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Figure 6 AMR scheduling results
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AMRs Autonomous Collaboration Task Assignment Method Based on

Multi-agent Reinforcement Learning
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Abstract: In order to solve the task autonomy assignment problem of AMR in flexible production, a multi-agent
deep deterministic policy gradient (MADDPG) algorithm based on improved multi-agent reinforcement learning al-
gorithm was adopted. The attention mechanism was introduced to improve the algorithm. Firstly, the framework of
centralized training decentralized execution was adopted, and then the action and state of AMR were set. Secondly,
according to the size of the reward value, the coverage degree of the task node and the completion effect of the task
were determined. The simulation results showed that the average reward value of MADDPG algorithm increase 3
than other algorithms, and the training times were reduced by 300 times. It could have faster learning speed and
more stable convergence process while ensuring the completion of task allocation.

Keywords: autonomous mobile robot; multi-agent; reinforcement learning; collaboration; task assignment



