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Research and application of financial market volatility prediction
based on deep learning
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Abstract: Volatility plays a crucial role in financial investment and risk management, as it can reflect the return and risk level of
financial assets, and provide an important reference indicator for constructing quantitative investment strategies and decisions on
options and risk control. However, volatility has the problems of nonlinearity and long—term dependence, such as the unstable trend
of daily changes and the correlation of future trends with historical data. To solve these problems, this paper constructs a volatility
prediction model TGC-FinTrans (TCN-BiGRU-CNN Finance Transformer) based on an improved Transformer. The experimental
results show that the model outperforms other baseline models in predicting the volatility of financial data and has significant
advantages in predicting volatility more accurately and capturing the complex changes in the financial market, providing investors
with more accurate decision—making references.
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Table 1 Results of ablation experiment

s MSE  RMSE  MAE MAPE /%

0.001 0 0.0335 0.0275 22.31

Transformer
Transformer +TCN 0.000 7 0.0270 0.0233 21.43
Transformer +BiGRU 0.000 6 0.0255 0.0228 21.31

Transformer +CNN 0.0007 0.0262 0.0236 21.58
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0.0005 0.0234 0.0174 20.30
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