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Abstract

Due to the merits that only a small amount of computation is needed for solutions and stochastic policies can be
handled explicitly, the actor-critic algorithm, which is a class of reinforcement learning methods, has recently attracted
a lot of interests in the area of artificial intelligence. The actor-critic network composes of the actor network for
selecting control inputs and the critic network for estimating value functions, and in its training stage, the actor and
critic networks take the strategy of changing their parameters adaptively in order to select excellent control inputs
and yield accurate approximation for value functions as fast as possible. In this paper, we consider a new actor—critic
algorithm employing an RLS(Recursive Least Square) method for critic learning, and policy gradients for actor
learning. The applicability of the considered algorithm is illustrated with experiments on the two linked robot arm.
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