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Abstract Deep learning technology is a research hotspot in the field of machine learning, which has been deeply
studied and widely applied in many fields. Recommendation system is used to predict the user for the things they
have yet to see or understand the be fond of, because of the complexity of the network information and dynamic
recommendation system become the effective way to solve the problem of information overload how to blend in
deep learning recommendation system, using the advantage of deep learning from various complex multidimensional
data inherent essence characteristics of users and items. Meanwhile, recent studies also demonstrate its effectiveness
in coping with information retrieval and recommendation system. It is a good way to apply deep learning techniques
into recommendation systems, which can integrate the massive multi-source heterogeneous data to build more
suitable user models according to user preferences requirements. The main research task of deep learning applied to
recommendation system is to build a model that is more in line with users' interests and needs, so as to improve the
performance of recommendation algorithm and user satisfaction. In this paper, the research and application status of
deep learning-based recommendation algorithms are reviewed, and the development trend of deep learning-based
recommendation systems is discussed and forecasted.
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Figure 2 Collaborative filtering based on RBM
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Figure 3 Deep cyclic neural network recommendation
model
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