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Abstract: We investigate a reinforcement learning of walking behavior for a four-legged
robot. The robot has two servo motors per leg, so this problem has eight-dimensional
continuous state-action space. Applying actor-critic algorithms with some generalization
techniques will the best way to deal with the learning control in such continuous space. In
real robots, the learning controllers are often faced with incomplete state observation that
makes the environment to partially observable Markov decision processes (POMDPs). We
present an actor-critic algorithm that can deal with a certain class of POMDPs and also

present action selection scheme for the actor-critic, in which the actor selects continuous

action from its bounded action space by using normal distribution.

The experimental

results show that the robot successfully learns to walk in practical learning steps.
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