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Abstract

This study takes PetroChina Company Limited as an example, focuses on stock price prediction, and con-
ducts an in-depth study using the RNN model and the LSTM model. When using the RNN model for
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prediction, due to the problems of gradient vanishing or gradient explosion in the model itself, it has
significant defects in processing long-sequence stock price data. This makes it difficult for the RNN
model to capture the long-term dependencies in the stock price sequence, and it performs poorly when
dealing with stock price data containing long-term trends and seasonal changes. In view of this, the
LSTM model is introduced. With its unique mechanisms of input gate, forget gate and output gate, the
LSTM model effectively solves the problem of long-term dependencies. It can selectively remember or
forget information, thus effectively handling long-sequence data. The experimental results strongly con-
firm that the LSTM model can not only accurately simulate the real trend of stock prices, but also com-
prehensively outperforms the RNN model in terms of model evaluation indicators. In conclusion, the
LSTM model shows excellent results in the field of predicting PetroChina’s stock price and is more
suitable for stock prediction tasks compared with the RNN model.
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Figure 1. Time series diagram of stock price after stabilization
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Figure 2. Visualization of loss function using RNN model
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Figure 3. Visualization of loss function using LSTM model
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Table 1. Comparison of evaluation index results between RNN model and LSTM model
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