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A survey on recommender systems
ZHAO Yan, LIU Hongwei
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Recommender systems are an important research direction in the field of information filtering systems. With the
development of information technology, recommender systems play an increasingly important role in improving user experience and
increasing enterprise revenue. Most of the mainstream recommendation systems are based on matrix factorization models and deep

learning models. In recent years, researchers have proposed recommender systems based on memory networks and ensemble learning
to accurately recommend items for users. This paper summarizes and introduces matrix factorization based, deep learning based,

memory network based, and ensemble learning—based recommender systems, and discusses future research directions.
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Tab. 1 Matrix factorization based recommender systems
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Tab. 2 Deep learning based recommender systems
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