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Convolutional Sequential Recommendation with Temporal Feature and User Preference
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China
Abstract At present,recommendation system has been widely used in our life, which greatly facilitates people’s life. The tradi-
tional recommendation method mainly analyzes the interaction between users and items and considers the history of users and
items.and only obtains the user’s preference for items in the past. The sequential recommendation system, by analyzing the inter-
action sequence of items in the recent period of time and considering the relevance between the user’s previous and subsequent
behaviors.can obtain user’s preference for items in short term. It emphasizes the short-term connection between user and item,
while ignoring the relationship between the attributes of the item. Aiming at the above problems., this paper presents a convolu-
tional embedding recommendation with time and user preference (CERTU) model. This model can analyze the relations between
items. It can obtain dynamic changes in user preferences. The model also considers the influence of individual item and multiple

items to the next item. Experiments show that the performance of CERTU model is better than that of the current baseline

method.
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Table 1  Statistics of dataset
Dataset  Amazon Cellphones
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Table 2 Performance comparison of different methods

Model HR@5 HR@10 NDCG@5 NDCG@10
BPR 0.3357 0.4430 0.2309 0.2658
Tensor 0.3469 0.4315 0.2739 0.3012
Caser 0.3626 0.4723 0.2884 0.2524
NARM 0.4028 0.5014 0.2985 0.3303
CFKG 0.4023 0.5350 0.2833 0.3263
SLRC 0.4133 0.5140 0.3040 0.3368
GRU4Rec  0.4019 0.4997 0.3009 0.3325
CERTU 0.4359 0.5497 0.3153 0.3524
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