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Stock Prediction Model based on Bidirectional LSTM

Recurrent Neural Network
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Abstract In this paper, we proposed and evaluated the time series deep learning prediction model for
learning fluctuation pattern of stock price. Recurrent neural networks, which can store previous
information in the hidden layer, are suitable for the stock price prediction model, which is time
series data. In order to maintain the long - term dependency by solving the gradient vanish problem
in the recurrent neural network, we use LSTM with small memory inside the recurrent neural network.
Furthermore, we proposed the stock price prediction model using bidirectional LSTM recurrent neural
network in which the hidden layer is added in the reverse direction of the data flow for solving the
limitation of the tendency of learning only based on the immediately preceding pattern of the
recurrent neural network. In this experiment, we used the Tensorflow to learn the proposed stock
price prediction model with stock price and trading volume input. In order to evaluate the
performance of the stock price prediction, the mean square root error between the real stock price
and the predicted stock price was obtained. As a result, the stock price prediction model using
bidirectional LSTM recurrent neural network has improved prediction accuracy compared with
unidirectional LSTM recurrent neural network.

Key Words : Bidirectional, Deep learning, LSTM, Long Short-Term Memory, Prediction, Recurrent
Neural Network(RNN), Stock Price
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Fig. 1. Recurrent Neural Network(RNN)
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Fig. 2. LSTM Recurrent Neural Network
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Fig. 3. Bidirectional Recurrent Neural Network
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Fig. 4. Comparison of RMSE results between
unidirectional and bidirectional LSTM RNN
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Table 1. Results of RMSE and Prediction rate
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Fig. 5. Graph of real stock price and predicted stock
price
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