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Learning value function for efficient policy learning in actor-critic algorithm
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We propose an actor-critic algorithm in which both the actor and the critic use eligibility traces. It is already
reported that eligibility traces enable the actor to learn a good policy even though the approximated value function
in the critic is inaccurate. Then, in the case where the actor uses eligibility traces, the role of the critic is not
to make the actor’s learning accurate, but to accelerate or to stabilize. Our proposal is explicitly minimizing the
distance between the actor’s update rule and true gradient of the expected reward. In this paper, we apply the
proposed algorithm to pole balancing problems and show that the algorithm can learn faster than the previous
algorithms which use TD method for the critic’s learning.
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