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Research on walking learning of bipedal robots based on
multi—agent reinforcement learning
WANG Yinging'?, CHEN Hongyi'**, XU Jimeng', XUE Jie', LI Qingdu'

(1 Institute of Machine Intelligence, University of Shanghai for Science and Technology, Shanghai 200093, China; 2 School of
Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Bipedal robots face great challenges in achieving omnidirectional walking due to their high—dimensional dynamics and
high dynamics. To address these challenges, this study takes a self —designed telescopic —legged bipedal robot as a model and
proposes an algorithm specifically for bipedal robot training based on multi—agent reinforcement learning. To improve the efficiency
and accuracy of training, the paper designs an experience replay mechanism that enables the agent to more effectively utilize previous
training experience. In addition, a curriculum learning method is introduced, and a set of periodic leg swing curves are designed
based on the walking characteristics of the telescopic—legged robot. Experimental results show that the proposed method can more
effectively achieve stable walking of bipedal robots in omnidirectional gaits such as sideways, forward and turning.
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Table 2 Main information of Xiaobei robot joints
KA AR KM/ (N - m) Sz g
S AR A AT 64 -90° ~90°
S AFRIEAD 64 —45° ~45°
JB FR AR 64 -45° ~180°
JB R AR 64 -0°~90°
SRR AR 64 -0°~135°
R I 1 000 -15°~15°
RS RER 500 -10°~10°
WA 100 -90° ~90°

GBS 500 ~200 mm~0 mm
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Fig. 5 Lateral walking data of Xiaobei robot
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