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The relation between Sensitivity and Lyapunov exponent
when Sensitivity Adjustment Learning is applied to Recurrent Neural Networks
Takuya Ejima and Yuuki Tokumaru and Katsunari Shibata, Oita University

Abstract: As an essential technique towards the emergence of thinking, we have studied new reinforcement learning
using a chaotic neural network. The new reinforcement learning works well when the network status is around
the ”edge of chaos” which is the border between chaos and non-chaos and so the control of chaoticity is required.
We have proposed a local learning method named ”sensitivity adjustment learning”. The sensitivity is a local
index defined in each neuron as the magnitude of the output gradient with respect to the input. In this learning,
the weights are updated to increase the index. In this paper, we observed the relation between sensitivities and
Lyapunov exponent, which shows the network chaoticity, for several cases of a flat RNN when the learning was
applied. The results show that ”log sensitivity”, which is the natural logarithm of the average sensitivity over all
neurons, corresponds reasonably well with the Lyapunov exponent until dynamics get chaotic regardless of number

of neurons or connection rate and that suggests the learning can adjust the network dynamics around the ”edge of

chaos”.
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Fig. 1: Change of mean and maximum absolute outputs
during learning
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Fig. 2: Change of connection weights
(sample 10 weights in one neuron)
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Fig. 3: Change of average sensitivity during learning
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Fig. 4: Change of Lyapnov exponent during learning
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Fig. 5: Relation between the maximum Lyapunov expo-
nent and log-sensitivity during learning

(number of neurons:100, connection rate:100 %)
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Fig. 6: Relation between the maximum Lyapunov ex-
ponent and log-sensitivity during learning

(when the network archtective is varied)
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