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Learning time constant of dynamic neuron model with gradient descent
Toshitaka Matsuki and Katsunari Shibata, Oita University

Abstract: In this paper, we propose a learning method to update the time constant in each dynamic neuron model
to generate desired output patterns with gradient descent. Selecting appropriate time constants for each neuron
in continuous-time recurrent neural network is difficult. Updating time constants based on gradient descent is also
difficult because the sensitivity of the update is significantly varied depending on the present time constant value.
Therefore, to avoid the instability, we propose a learning method applying gradient descent to the logarithm of the
time constant. We carried out an “oscillator reproducing task” in which a network is trained to generate oscillatory
outputs based on the outputs from a teacher network. The training result shows that our proposed method can
successfully update the time constants and suggests that leaning of time constants expands the freedom of learning

and improve the learning performance.
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Fig 1: Overview of the oscillator learning task.
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Fig 2: The results in task 1. (a) shows the outputs of
the learning network (red line) and the desired output
generated by teacher network (dotted line) during test
phase. (b) shows the time constants of the learning
network during training.
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Fig 3: The results in task 2. (a), (d) shows the out-
puts of the learning network (red line) and the desired
output generated by teacher network (dotted line) dur-
ing test phase.Tas Both of the connection weights and
time constants are trained in (a), while the connection
weights are only trained in (d). (b), (c) show the time
constants and the connection weights of the learning
network during training phase respectively.



