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Re-ranking recommendation method based on Transformer
with user negative feedback
HU Demin, GUANG Ping
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Shanghai 200093, China)

[ Abstract] Aiming at the problem that the existing Top — n recommendation model only applies users’ positive feedback for
recommendation, this paper proposes a re—ranking recommendation method based on Transformer with users” negative feedback.
Specifically, this paper uses GRU to extract the characteristics of users’ negative feedback behavior; based on the idea of gating
unit, a fusion unit is constructed to fuse the positive and negative feedback behavior characteristics of users to obtain complete user
behavior characteristics. After that, Transformer encoder is used to integrate the user characteristics and the position information of
items, and the reordering list is obtained by calculating the item score through sofimax function. The experimental results show that

compared with several advanced re—ranking recommendation models, AUC and Precision@ k are significantly improved.
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Tab. 1 Performance evaluation table of ablation comparison models
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Tab. 2 Performance evaluation table of comparison models
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