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Sequential Recommendation Model Using Gated Network to
Construct User’s Dynamic Interest

WANG Yan,FAN Lin,ZHAO Nini
(College of Computer and Communication, Lanzhou University of‘Technology, Lanzhou 730050, China)

[ Abstract] In recommendation systems, most existing,sequence recommendation methods regard user behavior as a
time-ordered sequence to model user interest. The dynamic change of user interest, however, makes it difficult for the
model to capture accurate user interest information from the user behavior sequence.Aiming at solving this problem, and
considering that the paired co-occurrence pattern between items should be used as a supplement to interaction
information, a sequential recommendation model DCGN is proposed to construct user’ s dynamic interests by using
gated network. A Gated Linear Unit (GItU) ‘is used to capture user interests in interaction sequences, and a gated
recurrent network with attention weights, is used to learn the user’ s dynamic interests.In this way the co-occurrence
pattern between user interaction items is,modeled, and the user interest information and user information are integrated
into the deep neural network{ to“ebtain the final recommendation result. Experiments are carried out on three public
datasets, ML100K , Amazon 5-Elect, and Retailrocket, and the performance is evaluated in terms of the following three
metrics: precision, Normalized®Depreciation Cumulative Gain (NDCG) and hit rate. The results show that the DCGN
model has better performance compared with the mainstream sequence recommendation models such as NARM,
GRU4Rec,NLR, et al.Its NDCG and precision increase of 1.9% and 1.22% on Retailrocket dataset, 0.82% and 1.05% on
Amazon 5-Elect dataset and 0.36% and 0.31% on ML100K dataset, in average.

[Key words] recommendation algorithm ; attention mechanism ; Gated Linear Unit(GLU) ; project co-occurrence mode;
dynamic interest
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