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[ Abstract] Recommendation System (RS) is a systematic application technology that learns user preferences to realize
personalized recommendation. It has been widely used in commodity purchase, audio and video recommendation, and
associated reading.In recent years, the representation learning mode in traditional recommendation algorithms has been
gradually replaced by deep learning along with the proliferation of multi-source heterogeneous data and the rise of deep
learning. This paper describes the background and development of the recommendation algorithms, discussing the basic
ideas of the algorithms, as well as their advantages and disadvantages. The paper particularly focuses on the deep
learning-based methods, introducing their merits and network structures, including the multilayer perceptron, auto-
encoder, convolutional neural network and recurrent neural network.Then the paper summarizes the application of deep
learning in content recommendation and the findings of relevant studies, analyzing and comparing the classical deep
recommendation algorithms. On this basis, the shortcomings of deep learning in terms of interpretability and learning
efficiency are pointed out, and the future research directions in cross-domain learning, multi-task learning and
representation learning are discussed.
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Fig.1 Content-based recommendation framework
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Fig.2 Deep learning based content recommendation framework
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