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Abstract

The current recommendation system is mainly based on scalar variables such as similarity of user
preferences and items, ignoring the user’s preference direction, and increasing the risk of irrele-
vant recommendations. Based on this, this paper proposes a personalized sequence recommenda-
tion model based on directional preference, which improves the accuracy of recommendation by
recommending items that conform to the user’s preference direction and integrating the user’s
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preferences and needs. Based on the movie review data set, this paper uses the selector mul-
ti-head self-attention mechanism and the capsule network to extract the user’s long-term prefe-
rences and short-term needs, and then recommends based on the user’s long-term preferences
and short-term needs. The experimental results show that the recommended accuracy index of
the model is improved by 52% compared with the original model.
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Figure 1. Capsule network structure
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Figure 2. SDESR model structure
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Figure 3. Selector multi-head attention network framework
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Figure 4. The influence of precap_num on the MSE
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Figure 5. Capsule network model hyper parameters
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Figure 6. The influence of m_base on the model recommendation effect
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DESR 0.344 0.668 0.429
SDESR 0.523 0.857 0.758
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