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A Gait Control Method for Biped Robot on Slope Based on Deep Reinforcement Learning
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Abstract In order to improve the walking stability on slope of the quasi-passive biped robot, in this paper, we pro-
posed a gait control method for quasi-passive biped robot based on deep reinforcement learning. By analyzing the
hybrid dynamics model and the stable walking process of the quasi-passive biped robot establishing the state space,
action space, episode process and reward function. After learning by Ape-X DPG algorithm based on DDPG im-
provement, quasi-passive biped robot can achieve stable walking in a larger slope range. In the simulation, Ape-X
DPG is better than DDPG + PER in both learning ability and convergence speed. Meanwhile, compared with en-
ergy shaping controller, the gait convergence of quasi-passive biped robot using Ape-X DPG is more rapid and the
basins of attraction is larger, which proves that Ape-X DPG can effectively improve the walking stability of quasi-
passive biped robot.
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