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A Movie Recommendation Model based on Time
Weights and User Behavior Sequences

CHENG Si, TAO Hongcai
(School of Computing and Artificial Intelligence,Southwest Jiaotong University ,Chengdu 611756, China)

Abstract : The research on the users’ historical movie viewing behaviors can provide some opinions and references for
movie recommendation. In the practical recommendation application, with the passage of time, the interests of users will
change accordingly, and the closer the historical behavior to the current moment, the greater the influence on the interest
state of the current moment. However, the existing GRU model can only infer the final interest through historical behav-
iors, without taking into account the characteristic that the influence of historical behavior on the final interest decays
with time. The improved TGRU model first proposed in this paper combines the time weight with the GRU model to ob-
tain a more accurate expression of interest. Furthermore, the AUGRU model is used to capture the evolution process of
those interests related to the final interest, thereby predicting the users’ future interest. Based on the above results and
analysis, this paper finally proposes a movie recommendation model, i.e. , MRTUB, which integrates time weights and
user behavior sequences. The experimental results show that the MRTUB movie recommendation model proposed in this
paper has better effect than various superposition models of GRU.

Keywords : movie recommendation ;user behavior sequence ;time weight; GRU



