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Introduction of Error Backpropagation

to Chaos-based Reinforcement Learning
Oita University 0 o Katsuki SATO, Yuki GOTO, Katsunari SHIBATA

Abstract :

Aiming for the emergence of “thinking”, we have proposed new reinforcement learning (RL) using a

chaotic neural network where exploration is generated inside the network together with the actions. In this paper,
expecting to improve the performance, error backpropagation (BP) is employed in the proposed RL instead of the
previous method using causality traces. The training signal for each actor output is generated using the product of
the output itself and TD-error. It is shown that the network could learn a simple goal-reaching task by our new
chaos-based RL using BP. For small recurrent weight size, recovery from failure episodes was faster than the case of

using causality traces.
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