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Sequential Recommendation Model Based on User’s Long and Short Term Preference

LUO Xiaohui'? ,WU Yun"?,WANG Chenxing' and YU Wenting'
1 State Key Laboratory of Public Big Data,Guizhou University,Guiyang 550025, China

2 College of Computer Science and Technology, Guizhou University, Guiyang 550025, China

Abstract Aiming at the problem that the existing sequence recommendation model ignores the personalized behavior of different
users,the model cannot fully capture the interest drift caused by users’ dynamic preferences,a sequence recommendation model
based on users’ long and short term preferences(ULSP-SRM)is proposed. Firstly,the dynamic category embedding of the user is
generated according to the category and time information of the interactive items in the user’s sequence, thereby effectively estab-
lishing the correlation between the items and reducing the sparsity of the data. Secondly,according to the time interval informa-
tion of the user’s current clicked item and the last clicked item,a personalized time series position embedding matrix is generated
to simulate the user’s personalized aggregation phenomenon and better reflect the dynamic change of user preference. Then.the
user’s long-term preference sequence fused with the personalized time-series position embedding matrix is input into the gated re-
current unit in units of sessions to generate the user’s long-term preference representation,and the user’s long and short term
preferences are fused through the attention mechanism to generate the final preference representation of the user,to achieve the
purpose of fully capturing the user’s preference. Finally.the final user preference representation is input to the recommendation
prediction layer for the next recommendation prediction. Experiments are carried out on seven subsets of Amazon public data set,
and the area under curve(AUC ), recall rate and precision rate indicators are used for comprehensive evaluation. Experimental re-
sults show that the proposed model outperforms other advanced benchmark models, effectively improving recommended perfor-
mance.
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Table 1 Statistics of datasets
Av, Av, Av,

Datasets users items categories behaviors (items/ca{fegory) (behaviari/item) (behavior‘i/user)
Electronics 39991 22048 673 561100 32.8 25.4 14.0
CDs-Vinyl 24179 27602 310 470087 89.0 17.0 19.4
Clothing-Shoes 2010 1723 226 13157 7.6 7.6 6.5
Movies-TV 35896 28589 15 752676 1905.9 20.9 26.3
Beauty 3783 2658 179 54225 14.8 20.4 14.3
Home-Kitchen 11567 7722 683 143088 11.3 12.3 18.5
Toys-Games 2677 2474 221 37515 11.2 15.2 14.0
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Table 2 AUC experiment results on Amazon public datasets

Datasets BPR-MF CSAN LSPM PACA Bi-LSTM SHAN ULSP-SRM
Electronics 0.7457 0.8005 0.7333 0.8322 0.8495 0.7542 0.8939
CDs-Vinyl 0.7684 0.7943 0.8594 0.8919 0.8969 0.7138 0.9587
Clothing-Shoes 0.6283 0.5866 0.6443 0.5313 0.7004 0.7284 0.8751
Movies-TV 0.7654 0.7958 0.8003 0.8055 0.8743 0.7771 0.9063
Beauty 0.6846 0.7650 0.7663 0.8979 0.8189 0.7821 0.9241
Home-Kitchen 0.6352 0.6820 0.6672 0.8165 0.7373 0.8230 0.8538
Toys-Games 0.6294 0.7157 0.7708 0.8495 0.8012 0.8797 0.9092

B 2 257 ULSP-SRM A5 58 1 H: Al 35 o 455 %Y 78 Beauty
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Fig. 2 Results of Recall@K and Precision@K on Beauty datasets
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Table 3 AUC values of different d on Beauty datasets

d 16 32 48 64
AUC 0.9126 0.9241 0.9204 0.9183
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Table 4 AUC values of different L, on Beauty datasets

L; 5 10 15 20
AUC 0.9006 0.9241 0.9246 0.9225
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Fig. 3 Experimental results of Recall@20 and Precision@20 with

different d and L, conditions on Beauty datasets
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Table 5 Experiment results on Beauty and Toys-Game datasets

Beauty Toys-Games

Models .
AUC Recall@20 Precision@20 AUC Recall@20 Precision@20

Base 0.8988 0.0431 0.0022 0.8804 0.0383 0.0019

Base. TP 0.9201 0.0889 0.004 2 0.8970 0.0621 0.0031
ase (+2.13%)  (+4.58%) (40.20%)  (+1.68%)  (+2.38%) (+0.12%)

Bace LS 0.9109 0.0788 0.0039 0.8980 0.0563 0.0029
aseris (+1.21%)  (+3.57%) (+0.17%)  (+1.76%)  (+1.80%) (+0.10%)

ULSP-SRM 0.9241 0.0878 0.0044 0.9092 0.0611 0.0036
T (+2.53%) (+4.47%) (+0.22%) (+2.88%) (+2.28%) (+0.17%)
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