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Recommendation system with long-term and short-term
sequential self-attention network

BAO Weike', YUAN Chun’

(1. Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China; 2. Shenzhen International Gradu-
ate School, Tsinghua University, Shenzhen 518000, China)

Abstract: To fully express the internal interdependence, user interaction data sequentiality, and long-term or general
preferences and deal with the dynamics of data, this paper proposes the long-term and short-term sequential self-atten-
tion network (LSSAN) for sequential recommendation in the recommendation system, and the LSSSAN model. This
model uses self-attention and a GRU to capture the dependence and sequentiality among the user’s data. Moreover, the
model uses Attention Net to combine user characteristics and the candidate item set for recommendation as context for
capturing the dynamics of the recommendation task. The model accurately expresses the general preferences of users
based on their long-term interaction data. We train and test the LSSSAN on two data sets, and its effect is generally bet-

ter than that of the previous work.
Keywords: recommendation system; sequence recommendation; attention model; dynamic weighting; self-attention
model; sequence dependence; GRU; sequential preference
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Table 1 Results table of ablation study
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