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Asymmetric Actor Critic Reinforcement Learning Method for
Long-Sequence Autonomous Manipulation
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Abstract: In typical scenarios such as healthcare, services, laboratories, and industrial production lines, robots need to have

high long-sequence autonomous manipulation capabilities. An asymmetric Actor Critic reinforcement learning method is proposed
to address the challenges of difficulty in learning long sequence autonomous manipulation tasks and complex reward design. By
integrating multiple Critic networks to collaboratively train a single Actor network and introducing generative adversarial imitation
learning to generate intrinsic rewards for Critic networks, the difficulty of learning long sequence tasks is reduced. To further
accelerate the learning process, a two-stage learning approach was designed, utilizing imitation learning to provide a high-quality
pre-trained behavior policy for reinforcement learning. The simulation results of long-sequence autonomous manipulation of robot
in the chemistry laboratory show that this method can significantly improve the learning efficiency of long-sequence operation
skills and the robustness of behavior policy.

Keywords: autonomous manipulation robot; reinforcement learning; asymmetric actor-critic; long-sequence operation
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Tab.4 The success rate and average number of turn steps of different methods in Task 1

7 EMEE B /om S =105 £=%1.0 B=12.0
B T —_ T e T
/% RINZ % RINZ %
i [BA20% [\l 5204 EIEEwi 74
ARILTTi 99.5 728 99.5 733 99.5 736
HoF b % 14] 99.5 866 99.5 873 99.5 883
37 B 75 /om pS=13.0 p=14.0 B=15.0
B T —_ T e T
/% RINZ % RINZ %
i B 5204 [\l 5204 EIEEwi 74
ARICTTi 99.5 736 98.0 812 96.0 876
St b 7% [14] 97.5 983 94.0 1160 81.0 1747
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Tab.5 The success rate and average number of turn steps of different methods in Task 2
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i w74 [\l 5204 EIEEwi 74
AT 96.0 1465 96.0 1492 96.0 1458
St b 7% [14] 81.5 2240 81.0 2267 83.5 2161
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W s, I W I W% I
T7id: BRS04 [EIREwi 73 G
ARICTTiE 96.5 1512 96.0 1492 91.5 1561
Xt b i [14] 72.5 2413 715 2364 83.5 2189
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