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Abstract The key problem of financial asset allocation is asset price. Asset pricing is the core content of modern finance, which

indicates that asset pricing law has always been one of the hot topics of financial research. This paper reviews the methods used
by machine learning in the field of asset pricing and research progresses, classifies machine learning asset pricing method into ma-
chine learning method based on the characteristics processing and deep learning method based on end-to-end processing,compares
the differences between different algorithms in principle and application scenarios, points out the applicability and limitations of
the two kinds of machine learning methods, prospects the research direction on machine learning asset pricing in the future.
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Fig. 1 Process of machine learning asset pricing algorithm
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