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Abstract Machine learning is the process of constructing a cost function using learning data used for
learning and an artificial neural network to predict the data, and finding parameters that minimize the
cost function. Parameters are changed by using the gradient—based method of the cost function. The
more complex the digital signal and the more complex the problem to be learned, the more complex
and deeper the structure of the artificial neural network. Such a complex and deep neural network
structure can cause over—fitting problems. In order to avoid over—fitting, a weight decay regularization
method of parameters is used. We additionally use the value of the cost function in this method. In
this way, the accuracy of machine learning is improved, and the superiority is confirmed through
numerical experiments. These results derive accurate values for a wide range of artificial intelligence

data through machine learning.
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Fig. 1. Mechanism of weight decay regularization
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Table 1. Maximum accuracy for each algorithm.

Method Training data Test data
accuracy accuracy

Momentum 93.69 % 94.02 %
RMSprop 90.92 % 91.96 %
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Fig. 6. Performance on the CIFAR—10 dataset
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Fig. 9. Result of subsection 4.3
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