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Volatility prediction of high-frequency trading financial data
based on deep learning
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Abstract: With the development of information technology, many online trading platforms can provide high-frequency real-time
trading data, which provides a basis for the study of volatility based on high—frequency trading data of big data. Many scholars use
machine learning and deep learning algorithms to analyze a large amount of trading data to establish volatility forecasting models,
helping investors to better grasp market risks and opportunities. However, financial high—frequency trading data has a lot of noise
and non-stationarity, which leads to poor predictive performance of models. To address these issues, This paper constructs a deep
learning model based on noise reduction autoencoder and unstable attention mechanism, and uses this model to predict the volatility
of high-frequency trading data. The experimental results show that this model has more accurate predictive performance than
commonly used machine learning and deep learning methods.
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Table 1 Comparison experiments of different models

HEET R? RMSPE MAE
KFord_LGBM 0.840 1 0.236 1 5.720e™*
KFord_LGBM_NN 0.847 1 0.2335 5.689¢7
Wavelet_LGBM_NN 0.761 2 0.3108 7.035¢7*
LSTM 0.862 8 0.2320 5.665¢ ™
CNN 0.850 2 0.2196 5.622¢7*
DAE_LSTM 0.889 1 0.196 2 4.109¢7*
DAE_CNN 0.882 4 0.1919 4.151e7*
ns_Transformer 0.859 0 0.2255 4.701e7*
A3 0.914 7 0.157 1 3.302¢7*
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Table 2 Experimental results of Class A stock data model

prediction
LAY R? RMSPE MAE
DAE_LSTM 0.9215 0.1527 3.259 ¢
DAE_CNN 0.900 2 0.1819 3.551 ¢
ns_Transformer 0.858 1 0.2255 4.621 ¢4
A5 0.923 5 0.147 8 3122
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Table 3 Experimental results of Class B stock data model

prediction
i R? RMSPE MAE
DAE_LSTM 0.772 1 0.336 3 6.537 ¢
DAE_CNN 0.790 5 0.301 5 6.201 ™
ns_Transformer 0.748 7 0.440 9 7.105 ™
AR 0.874 7 0.207 1 4.202 ¢
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