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Deep Neural Network Recommendation Model Based on User Vectorization Representation and
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Abstract With the rapid development of Internet application,recommendation system,as an effective measure to solve
information overloading,has become a research hot topic in industry and academia. Traditional recommendation algo-
rithms for users” implicit feedback are mainly based on collaborative filtering and learning-to-rank method, which do not
make full use of the implicit feedback features in users’ behaviors. In this paper.a users’ vectorization representation
model based on neural network was proposed, which can make full use of heterogeneous implicit feedback features of
users’ behaviors. At the same time,referring to the self-attention mechanism in machine translation, this paper designed
a neural attentive recommendation model which integrates the dynamic temporal features of user-item interaction and
user vectorization representation, to improve the performance of the recommendation system. The comparison experi-
ment is conducted on two public datasets,and the recommendation performance is evaluated by recall, precision and ND-
CG. Compared with other recommendation models for implicit feedback,the proposed recommendation model has better

recommendation performance and better generalization ability.

Keywords Recommendation system,Neural networks, Attention mechanism, Implicit feedback,Deep learning
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