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A Quadruped Robot Motion Adaptive Model Based
on Hierarchical Learning

Cui Junwen, Liu Zihong, Shi Lei, Liu Fuqiang, Yue Yu

(Southwest Unversity of Technology and Science, Mianyang 621010, China)

Abstract: Aiming at the problem that the quadruped robot can not continue to operate effectively and independently after the leg

accidently be damaged, the adaptive control model based on hierarchical learning is proposed. The model structure consists of an up-

per state policy controller (SDC) and a lower base motion controller (BDC). The SDC estimates the expected motion sub— strategy of

the robot's legs and posture, and the BDC sub— motion strategy is activated to control the robot to express the athletic behavior.

Damage to the robot is manifested in the complete loss of athletic ability in any leg. The adaptive control of the model is reflected in

the robot's self —adjusting strategy after the leg fails. In Unity3D, a four—legged robot with anti—joint multi—degree of freedom is

built. The SDC monitors the state of the robot and adjusts the strategy. The BDC output gives the joint PD controller speed control.

Simulation and experimental results show that the model shows a fast and stable effect on the robot's self —adjusting motion strategy

after the legfails.

Keywords: hierarchical learning; deep reinforcement learning; quadruped robot; partially observable markov decision prosess;

gait control; institutional failure
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