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Abstract: With the rapid development of artificial intelligence and financial technology, the application of machine
learning, especially deep learning in the financial field, has aroused strong research interest. In order to explore the
application fields of financial deep learning, this paper proposes to summarize the literature of financial deep learning over
the past ten years, from two separate aspects: model introduction and application field. Results show that the commonly
used models of financial deep learning include convolutional neural network, recurrent neural network and long short-term
memory neural network. They have a wide range of applications in financial text analysis, financial risk assessment and
anomaly detection, and portfolio management. In future, new text mining and natural language processing techniques can be
applied to the field of behavioral finance for more in-depth research. At the same time, more possibilities for applying deep
learning to emerging financial fields such as cryptocurrency and blockchain can also be explored.
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Fig.1 Convolutional neural network architecture
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Fig.2 RNN architecture combined with previous states
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Fig.3 Basic LSTM unit
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