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Explainable Constraint Mechanism for Modeling Temporal Sentiment Memory in Sequential
Recommendation

ZHENG Lin',LIN Yixuan',ZHOU Donglin' and ZHU Fuxi*

1 College of Engineering,Shantou University, Shantou, Guangdong 515063, China
2 School of Computer Science, Wuhan University, Wuhan 430072, China
Abstract In recent years,the research of sequential recommendation has developed rapidly in the recommendation field, existing
methods are good at capturing users’ sequential behavior to achieve preference prediction. Among them,some advanced methods
integrate users’ sentiment information to guide behavior mining. However,the advanced sentiment-based models do not consider
mining relations between multi-category user sentiment sequences. Moreover,such methods cannot intuitively explain the contri-
bution of temporal sentiments to user preferences. To make up for the above shortcomings, this paper first attempts to store tem-
poral sentiments in the form of memory and impose constraints on them. Specifically. this research proposes two mechanisms in-
cluding sentiment self-constraint and sentiment mutual-constraint to explore the associations between multiple categories of senti-
ments and assist user behaviors in completing sequential recommendations. Furthermore, the proposed memory framework is able
to record users’ temporal sentiment attention,so that it can provide a certain degree of intuitive explanation on the basis of accu-
rately predicting users’ temporal preference. Experimental results show that our approach outperforms existing state-of-the-art

sequential methods,and it has better explainable effects than the sentiment-based sequential recommendation models.

Keywords Sequential recommendation, Temporal sentiment,Sentiment memory. Sentiment constraint, Explainable recommenda-
tion
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Table 1 Sequential recommendation methods for comparison
Methods Description
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Table 2 Experimental results of Hit@10 by method comparison

AT 2 %)

Methods Restaurant Bars Baby Videogames
RNN 6.923 15.439 18. 945 23.707
GRU4Rec 7.628 15.932 23.982 26.435
GRU4Senti 10. 085 17.02 24.533 30.935
SASRec 14,394 32.427 56. 862 54.734
CFSA 18.473 34.5 59. 81 56.904
SGS 23.216 45.138 65.049 61.598
SMC-S 24.236 46.412 66.529 62.993
SMC-M 24.928 47.065 66.776 63.27

3 NDCG@10 [ bz 5 i 25 31
Table 3 Experimental results of NDCG@10 by method comparison

(AL : 20D

Methods Restaurant Bars Baby Videogames
RNN 2.627 6.065 9.197 10. 099
GRU4Rec 2.804 6.39 10. 164 11.037
GRU4Senti 3.656 7.817 11.378 12.125
SASRec 5.702 10. 836 17.459 17.781
CFSA 7.288 11.475 19.633 19. 361
SGS 9.325 14. 647 22.176 22.317
SMC-S 10.733 15. 398 24.003 25.535
SMC-M 11.125 15.903 23.897 25.618
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ABEHE LB T AR . o SMC-M 78 K495
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PET& 7 54 3 0 Pk RE S AU B B 5 9 LA IR 9 B 24 A
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4.2 ARHLEIER M
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T FL A S 1 R AT AR . R 12 J& SMC-S 5 SMC-M
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BACAZ AT B T B 25 808 IR Hit@ 20 F1 NDCG@
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Fig. 2 Comparison of two sentiment memory-constrained mechanism
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