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Reinforcement Learning by Off-Policy Actor-Critic Algorithms

o Hajime Kimura, Shigenobu Kobayashi
Interdisciplinary Graduate School of Science and Eng., Tokyo Institute of Technology

Abstract: In real-robot applications, a robot is often required to obtain control rules for multiple tasks respectively
over continuous state-action space. Off-policy learning techniques enable the learner to solve the reinforcement
learning problems efficiently for multiple tasks on the same robot. Q-learning is one of the simplest off-policy
learning method, however, it is computationally undesirable to apply to continuous action space. Policy gradient
methods can easily be applied to continuous state-action and continuing (not episodic) tasks, and also it can
improve policies under some class of POMDP environments. However, many gradient methods are limited to on-
policy learning. Importance sampling techniques are promising approach to the policy gradient methods making
use of all experiences for the off-policy learning, but it is limited to only episodic tasks. In this paper, we develop a
gradient-based actor-critic algorithm combining with importance sampling for continuing (not episodic) tasks. We

demonstrate it through simulations of a single-legged robot problem.
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