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Deep Interest Factorization Machine Network Based on DeepFM

WANG Rui-ping,JIA Zhen, LIU Chang,CHEN Ze-wei and LI Tian-rui
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Abstract The recommendation system can sort out and display the information that may be of interest from the mass of informa-
tion according to users’ preferences. As deep learning has achieved good results in multiple research fields,it has also begun to be
applied to recommendation systems. However, the current recommendation ranking algorithms based on deep learning often use
Embedding & MLP mode and can only obtain high-level feature interactions. In order to solve the problem that only high-order
feature interaction can be obtained, DeepFM adds FM to the above mode, which can learn the low-order and high-order feature in-
teraction end-to-end. But the DeepFM cannot express the diversity of user interests. In view of this, this paper proposes a Deep
Interest Factorization Machine Network(DIFMN) by introducing the multi-head attention mechanism into DeepFM. DIFMN can
adaptively learn the user representation according to the different items to be recommended,showing the diversity of user intere-
sts. In addition, the model adds preference representations according to the type of users historical behaviors,so that it can be ap-
plied not only to tasks that record only historical behaviors that the user likes, but also to tasks that record both historical beha-
viors that the user likes and dislikes. This paper uses tensorflow-gpu to implement the algorithm,and performs comparative tests
on two public datasets of Amazon(Electronics) and movieLen-20 m. Experiment results show that Relalmpr improves by 17. 70 %
and 35.24% respectively compared to DeepFM, which validates the feasibility and effectiveness of the proposed method.

Keywords Recommendation algorithm, DeepFM, Multi-head attention mechanism.Deep learning. CTR prediction, User interest

modeling
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