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Reward-Based Learning of a Memory-Required Task based on the Internal Dynamics of a Chaotic Neural Network
Toshitaka Matsuki and Katsunari Shibata, Oita University

Abstract: We have expected that dynamic higher functions such as ”thinking” emerge through the growth from

exploration in the framework of reinforcement learning(RL) using a chaotic Neural Network(NN). In this frame, the

chaotic internal dynamics is used for exploration and that eliminates the necessity of giving external exploration

noises. On the other hand, reservoir computing has shown its excellent ability in learning dynamic patterns. Hoerzer

et al. showed that the learning can be done by giving rewards and exploration noises instead of explicit teacher

signals. In this paper, aiming to introduce the learning ability into our new RL framework, it was shown that the

memory-required task in the work of Hoerzer et al. could be learned without giving exploration noises by utilizing

the chaotic internal dynamics while the exploration level was adjusted flexibly and autonomously.
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Fig 1: The network model. It has 4 inputs, u;(green),
ug(orange), uz(cyan), ug(brown) and 2 outputs, z1 (red),
zo(purple). In the network, 1000 neurons(blue) are re-

currently connected(connection probability p = 0.1).
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Fig 2: Network activities. z1, 2o (red, purple). fi, fo

(black). wy,us,us,uqs(green, orange, cyan, brown). The

3 sample of r;(blue).
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Fig 3: The mean absolute error(upper) and the mean
absolute output change of network neurons(lower) dur-
ing learning. The vertical line is the timing of rule

change.
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