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Reinforcement Learning that Learns to Adjust Sensitivities in Recurrent Neural Networks

Yuuki Tokumaru and Katsunari Shibata, Oita University

Abstract: In this paper, we propose a new type of reinforcement learning in which dynamics of a recurrent neural

network is trained directly according to the TD error. In order to learn the dynamics, we use “sensitivities”, each

of which is the magnitude of gradient vector of its output with respect to the input and expresses how much the

neighbors of the present state diverge or converge in each neuron. When the TD error is positive, each neuron

reduces its sensitivity to make the dynamics converge, and when it is negative, the neuron increases the sensitivity

to make the dynamics diverge. We confirmed that an agent with a recurrent network learned two kinds of simple

goal reaching task by the proposed learning method as a first report though the learning process should be analyzed

more in detail.
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Fig. 1: Task and networks
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Fig. 2: Different type of sensor inputs employed in each
task

Table 1: Parameters for simulation
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Fig. 3: Learning curve that shows the number of steps
to reach the goal (Task 1)
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Fig. 4: Agent’s behaviors in test trials after learning
(Task 1)
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Fig. 5: Change of the average sensitivity during learning
(Task 1)
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Fig. 6: Learning curve that shows the number of steps
to reach the goal (Task 2)
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Fig. 7: Agent’s behaviors in test trials after learning
(Task 2)
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