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Generation and Maintenance of Chaotic Dynamics by Sensitivity Adjustment Learning

in a Recurrent Neural Network

Yuuki Tokumaru and Katsunari Shibata, Oita University

Abstract: We propose that a recurrent neural network learns to generate chaotic internal dynamics autonomously

by ”sensitivity adjustment learning” that is a local learning method also we propose. In this learning, an index

named ”sensitivity”, which is the magnitude of gradient vector with respect to the input, is introduced in each

neuron, and its weights are updated to increase the index. We confirmed that by the learning, a flat network

with 100 neurons firstly generated periodicel oscillation, and then generated chaotic dynamics. In a fully-connected

network, sometimes the fluctuation range of the neuron outputs dropped or raised suddenly, while it did not in a

partially-connected network.
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Fig 1: Characterristic variation of 10 neurons’ outputs at

during learning
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Fig 2: Change of Lyapnov exponent during learning
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Fig 3: Change of mean and maximum absolute outputs

value during learning
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Fig 4: Change of value function during learning
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Fig 5: Change of mean and standard deviation of weights

during learning
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