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Reinforcement Learning of a Memory Task using an Echo State Network with Multi-Layer Readout
Toshitaka Matsuki and Katsunari Shibata, Oita University

Abstract: Recently, an approach of training a Neural Network(NN) through Reinforcement Learning(RL) has been

focused on and a Recurrent NN(RNN) is used in current studies. On the other hand, to solve the difficulties in

learning of an RNN, the Reservoir Network(RN), which is a special RNN, has attracted much attention owing to

its rich dynamic representations. Aiming to acquire more complex representations, an approach of using a Multi
Layer Readout(MLR), which consists of a Multi Layer NN, has been studied. We expect that an RN with MLR

can acquire necessary functions such as memory through RL. This paper shows that an RN with MLR can learn

"memory task”, which requires memory function and non-linear transformation of outputs, through RL with Back

Propagation. The result suggests that insufficient computational ability of randomly connected RN needs MLR to

learn through RL.
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Fig 1: The network architectures of (a) a regular Reser-
voir Network(RN) and (b) an RN with Multi-Layer
Readout(MLR).
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Fig 2: Outline of the memory task. An agent has to go
to and enter the switch area at first, and then go to the

goal area.
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(a) RN with MLR(casel) (b) RN with MLR(case2)
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Fig 3: Comparison of agent trajectory for two cases
between RN with MLR and regular RN.
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