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Deep Learning Recommendation Algorithm

Based on Reader Preference Analysis

LIU Yuanyuan
Library . Wuhan Polytechnic University , Wuhan 430023, China

Abstract: Traditional recommendation algorithms face problems such as sparse data and weak generaliza-
tion ability, resulting in low recommendation accuracy. In the past decade, deep learning has become the
most popular research direction due to its strong expression ability and flexible model structure. In this pa-
per, a deep reader preference ming for book recommendation (DRPM) is proposed. Natural language pro-
cessing technology is used to extract rich semantic features of books. The LSTM is used to model readers’
historical borrowing records and analyzes readers’ interests. In addition, attention mechanism is introduced
to realize the effective interaction between books and readers, excavate readers’ dynamic reading interests

and analyze readers’ borrowing preferences, so as to provide more accurate book recommendation services.
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Result of experiments on dataset of Wuhan Polytechnic University Library shows that the DRPM model
proposed in this paper has a greater improvement in the evaluation of HR and NDCG indicators compared
to the baseline model.

Key words: recommendation algorithm; deep learning; natural language processing; Long Short-Term

Memory; attention
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