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Abstract

Differentially Responsible Adaptive Critic Learning technique is proposed for learning the control
technique with multiple control inputs as in robot system using reinforcement learning. The
reinforcement learning is a self-learning technique which learns the control skill based on the critic
information obtained after a long series of control actions. The Adaptive Critic Learning (ACL) is
the representative reinforcement learning structure. The ACL maximizes the learning performance
using the two learning modules called the action and the critic modules which exploit the external
critic value obtained seldomly. Drawback of the ACL is the fact that application of the ACL is
limited to the single input system. In the proposed Differentially Responsible Action Dependant
Adaptive Critic learning structure, the critic function is constructed as a function of control input
elements. The responsibility of the individual control action element is computed based on the partial
derivative of the critic function in terms of each control action element. The proposed learning
structure has been constructed with the CMAC neural networks and some simulations have been
done upon the two dimensional Cart-Pole system and robot squatting problem. The simulation
results are included.
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Table 3. Parameters used for the learning
control of the robot in Fig. 5.
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Fig. 6. Comparison of the control performance about
the human-like-structured robot's squatting
motion.
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