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Effect of Introduction of Refractoriness on Supervised Learning of a Memory Task
using a Chaos Neural Network

Kohei Kurosaki and Katsunari Shibata, Oita University

Abstract: We think that ”inspiration” or ”discovery” is essential property to realize thinking, and emerges as
chaotic itinerary between non-fixed point flow-type attractors in which states transition autonomously and rationally.
The Chaotic itinerancy can be observed when fixed-point attractors are embedded in a chaotic neural network in
which refractoriness is introduced in each neuron, and the way how the network produces chaotic dynamics must
deeply influences the maintenance of chaoticity. In this paper, we observed that the difference in Lyapunov exponent
during supervised learning depending on whether refractoriness was introduced in each neuron or not. The results
show that when refractoriness is introduced, chaos after learning is stronger in a wider range of initial weight scale.
When the initial strength of chaos is the same, the hidden outputs take values in unsaturated zone more often due

to the smaller weights, and that could lead to the faster learning.
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Fig. 1: A chaotic neuron model with refractoriness.
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Table 1: Input Pattern and Teaching Signals.

Input Input Signals Teaching
Pattern input 1 | input 2 Signal
0 -1 -1 0.1
1 -1 1 0.9
2 1 1 0.1
3 1 -1 0.9
0 1 19(t")
T
input no input teaching
signals (input 0) signal

Fig. 2: Timing of Input and Output.
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Table 2: Parameters.

’ Name ‘ Value ‘
Episode 3000
Gain of Sigmoid Function 2
T 1.25
Number of Neurons 100
in Hidden Layer
Output 0.1
Learning Rate Hidden(&) 0.3
Hidden(n) 0.01
Output [-0.3, 0.3]
Initial Weight Hidden(¢) | [-0.3, 0.3]
Hidden(n) | Varied Scale
Parameters o} 3
for Refractoriness K 8
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Fig. 3: Comparison of Lyapunov Exponent (before learn-
ing). The dots indicate the scales used in Fig. 5-8.
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Fig. 4: Comparison of Lyapunov Exponent (after learning).
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Fig. 5: Comparison of output change during learning.
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Fig. 7: Comparison of hidden outputs.
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Fig. 6: Comparison of Lyapunov Exponent during learning.
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Fig. 8: Comparison of hidden outputs.
(REF: W Scale=8.0, pattern=0)
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