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Examination of network structure in Reinforcement Learning
using a Reservoir Network with Multi-Layer Readout
Harumi Yoshioka, Toshitaka Matsuki and Katsunari Shibata, Oita University

Abstract: Our group has studied to use a reservoir network (RN), which has rich chaotic dynamics, in reinforce-

ment learning (RL), and showed that the learning performance in memory-required task was largely improved by

introducing a multi-layer readout (MLR) instead of a single layer readout. In this paper, We compare the learning

performance of switch task that requires memory by changing the number of layers of MLR, the position of feed-

back, the output to be feedback, and recurrent connection weight value scale A. The results show that MLR can

learn with two layers at least, feedback is needed to learn through RL and feedback from higher layers is effective.

Learning through RL requires feedback, and the recurrent connection weight value scale in the reservoir is optimal

around A = 1.5.
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Fig. 1: The network architectures of Reservoir Network
with Multi-Layer Readout(RN with MLR).
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Fig. 2: Outline of the memory task.
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Table 1: 5 networks used for comparison
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Fig. 3: Comparison of learning curves with different
number of layers of MLR.
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Fig. 4: Comparison of learning curves with different
feedback positions of MLR.
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Fig. 5: Comparison of learning curve with different type
of output feedback. (Learning rate:0.01)
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Fig. 6: Comparison of learning curve with different type
of output feedback. (Learningrate : 0.05)
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Fig. 7: Comparison of learning curves with different
recurrent weight value scale.
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