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Construction of Reservoir Network Using Sensitivity Adjustment Learning
Harumi Yoshioka, Toshitaka Matsuki and Katsunari Shibata, Oita University

Abstract: Reservoir networks have an ability to learn time-series data processing easily. However, it has limitations
for complex problems because it does not learn and fixes the weight values inside the reservoir. We expect to improve
the performance for RNs as well by learning the entire network like other recurrent neural network(RNN) such as
Long-Short Term Memory. However, update the weights in the reservoir through learning may cause a decrease in
activity and reduce the learning performance. To prevent the decrease, we are considering to apply our proposed
Sensitivity Adjusted Learning(SAL) in parallel with the original learning. SAL updates the values of the weights
to adjust a local index called sensitivity in each neuron. In this paper, we used a recurrent neural network trained
with SAL instead of a reservoir, and the learning performance was compared as a prelude to parallel learning. The

results confirm that the learning performance is comparable to that of a reservoir whose weights are set directly.
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Fig. 1: The network architectures of ”Reservoir Net-
work” or ”Recurrent Neural Network using Sensitivity

Adjustment Learning”.
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(a) Varied range is from 0.1 to 1.2.
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Fig. 2: Comparison of learning results when the weight
value scale of the reservoir and the target sensitivity of
the RNN are varied together.
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Fig. 3: Comparison of learning results when the weight
scales of the reservoir and RNN are set to the same value
and the target sensitivity of the RNN is set to 1.0.
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