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Abstract

The existing deep learning based recommendation models treat the recommendation process as a
static process and use fixed strategies for recommendation over a period of time, which makes it
difficult to dynamically capture changes in user interests and affects the accuracy of recommenda-
tion results. This article proposes a recommendation model that utilizes deep reinforcement learn-
ing to dynamically model the recommendation process. The model aims to maximize long-term
benefits and describes user interests by extracting feature information from long and short term
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sequences. The recommendation strategy is constantly changed according to changes in interest.
The experimental results on the Movielens-1m dataset indicate that compared to other baseline
models, our model can be applied in precision@10 and recall@10 Increased by 1.7%~7.6% and
1.5%~3.8% respectively.
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Figure 1. Overall structure of the model
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Figure 2. Long term interest extraction
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