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Abstract

The RPO algorithm is a recently developed tool in the area of reinforcement learning. And
it has been shown to be very successful in several application problems. In this paper, we
consider a robot-control problem utilizing a modified RPO algorithm, in which its critic network
is adapted via RLS(Recursive Least Square) algorithm. We also developed a MATLAB-based
animation program, by which the effectiveness of the training algorithms were observed.
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