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Abstract

Deep neural networks are an approximation method that approximates an arbitrary function to a linear
model and then repeats additional approximation using a nonlinear active function. In this process, the
method of evaluating the performance of approximation uses the loss function. Existing in—depth
learning methods implement approximation that takes into account loss functions in the linear
approximation process, but non-linear approximation phases that use active functions use non-linear
transformation that is not related to reduction of loss functions of loss. This study proposes parametric
activation functions that introduce scale parameters that can change the scale of activation functions
and location parameters that can change the location of activation functions. By introducing parametric
activation functions based on scale and location parameters, the performance of nonlinear
approximation using activation functions can be improved. The scale and location parameters in each
hidden layer can improve the performance of the deep neural network by determining parameters that
minimize the loss function value through the learning process using the primary differential coefficient
of the loss function for the parameters in the backpropagation. Through MNIST classification problems
and XOR problems, parametric activation functions have been found to have superior performance over
existing activation functions.
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