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Abstract: Traditional attention-based recommendation algorithms only use position embeddings to model user be-
havior sequences, however, ignore specific timestamp information, resulting in poor recommendation performance
and overfitting of model training. The multi-task matrix factorization recommendation model based on time attention
was proposed, which used the attention mechanism to extract the neighborhood information for the user and item
embedding, and used the Ebbinghaus forgetting curve to describe the changing characteristics of user interests over
time. The model training process introduced a reinforcement learning strategy of experience replay to simulate the
human memory review process. Experimental results on real datasets show that the proposed model has better rec-
ommendation performance than existing recommendation models.
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