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Abstract

Inrecentyears, the global economic and financial environment has been volatile and full of challenges
and risks. In this situation, investors’ choices in financial trading have become more complex, and the
stock trading market is also facing greater challenges. Traditional econometric models are difficult
to fully adapt to such changes. This article uses the Long Short-Term Memory (LSTM) neural network
in deep learning as the basic model to predict the closing price of stock data. Three sets of data from
Jingliang Holdings (000505), Northeast Pharmaceutical (000597), and Zhonggang International
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(000928) are selected, and the Transformer model is introduced into the LSTM neural network.
Through experiments, the prediction accuracy of the model has been significantly improved, indi-
cating that the Transformer LSTM network model has certain reliability in the field of stock predic-
tion.
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Figure 1. LSTM neural network structure
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Figure 2. Simple structure of Transformer model
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Figure 3. Closing prices of three stocks
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Figure 4. Prediction of stock closing price
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