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Abstract Many developments have been steadily carried out by researchers with applying
knowledge—based expert system or machine learning algorithms to the financial field. In particular, it
1s now common to perform knowledge based system trading in using stock prices. Recently, deep
learning technologies have been applied to real fields of stock trading marketplace as GPU
performance and large scaled data have been supported enough. Especially, LSTM has been tried to
apply to stock price prediction because of its compatibility for time series data. In this paper, we
implement stock price prediction using LSTM. In modeling of LSTM, we propose a fitness combination
of model parameters and activation functions for best performance. Specifically, we propose suitable
selection methods of initializers of weights and bias, regularizers to avoid over—fitting, activation
functions and optimization methods. We also compare model performances according to the different
selections of the above important modeling considering factors on the real—world stock price data of
global major companies. Finally, our experimental work brings a fitness method of applying LSTM
model to stock price prediction.
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Fig. 1. Architecture of LSTM
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