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ABSTRACT

In this work, we propose a model that considers the behavior and synaptic plasticity of sensory neurons based on Liquid
Time-constant Network (LTC). The neuron connection structure was experimented with four types: the increasing number of
neurons, the decreasing number, the decreasing number, and the decreasing number. In this study, we experimented using a
time series prediction dataset to see if the performance of the changed model improved compared to LTC. Experimental
results show that the application of modeling of sensory neurons does not always bring about performance improvements, but
improves performance through proper selection of learning rules depending on the type of dataset. In addition, the connective
structure of neurons showed improved performance when it was less than four layers.
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