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Effect of Chaos on Reinforcement Learning of Memory Tasks Using Chaotic Neural Networks
Oita University O Masato OOISHI, Katsunari SHIBATA

Abstract: As an essential technique for the emergence of thinking, we have proposed a new reinforcement learning
(RL) framework using a chaotic neural network. In this framework, learning of feedback connection weights is
critical, but has not been well done. Then in this paper, intentionally in the conventional RL framework, mutual
connection weights, which control the chaoticity, and positive self-feedback connection weights, which are good
for learning of memory tasks are both varied, and chaoticity and learning performance are observed. As a result,
when the mutual connection weight scale is large, chaoticity is large and the learning performance becomes worse
not depending so much on the self-feedback connection weight value. However, in the new RL, since chaoticity is

required for exploration, more detailed investigation is necessary.
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Fig. 1: Learning system and Switch task
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Table 1: Parameters for two networks(Actor, Critic)

Name ActorNN CriticNN
Chaotic Non-Chaotic
Number of hidden neurons 60 60
output layer 0 0
Initial weight hidden Layer [-0.25,0.25] [-0.25,0.25]
self-feedback varied 1.0
other feedback varied [-0.25,0.25]
output layer 0.005 0.005
Learning rate hidden layer 0.005 0.005
feedback 0.00025 0.00025
Traceback times in BPTT 20 20
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Fig. 2: Lyapunov exponent depending on the feedback
connection weights.
(Vertical axis : self-feedback connection weight
Horizontal axis : mutual connection weight scale)
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Fig. 3: Comparison of Network dynamics before learning
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Fig. 6: comparison of maximum absolute value of
error signal during learning
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