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Recommendation vAlgorithm Combining Latent Factor Model and Gated Recurrent Unit

LIU Xing-Yu, XIE Ying-Hua

(College of Information Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: In traditional recommendation algorithms, there is often a lack of consideration of users’ long short-term
interest preferences. However, with the deepening of the application of deep learning in recommendation algorithms, this
problem can be solved well. In response to the problem, this study proposes a recommendation algorithm based on long
short-term interest preferences (RA_LST), which integrates a latent factor model and a gated recurrent Unit. It can capture
users’ long short-term preferences respectively and thus effectively solves the problem that the recommendation effect
decreases due to users’ interest changing with time. The final experimental rev’sults show that the proposed algorithm
improves the recommendation accuracy on different data sets.

Key words: recommendation algorithm; latent factor model; recurrent neural networks (RNN); gated recurrent unit (GRU);

stochastic gradient descent; deep learning
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