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Abstract

This paper systematically discusses the application of machine learning and deep learning in empirical asset pricing, especially the
innovative methods and cutting-edge applications in the stock and bond markets. Through the analysis of the theoretical basis of
traditional asset pricing model, in combination with the advantages of machine learning, this paper further expounds how to use
these technologies to promote the accuracy of the asset pricing model and theoretical explanation. The research shows that machine
learning methods not only excel at model prediction, but also provide new perspectives for understanding market dynamics. This
paper also discusses the application potential of these methods in bond yield forecasting, credit risk assessment and portfolio
optimization, and points out the challenges and directions of future research.
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