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Abstract : Deep learning technology has recently become a very hot topic in the machine learning field, and has been
thoroughly studied and widely used in many fields. The recommender system is an important technology to alleviate
information overload. Deep learning has the advantages of learning the intrinsic characteristics of users and items from
various complex multidimensional data. How to integrate deep learning into recommender systems to build a model that is
more in line with the user preferences and improving recommendation performance is the main research task of deep
learning based recommender systems. In this paper, the research and application of deep learning based recommender
algorithms are reviewed, and the future research and development trends of integrating deep learning to recommender
systems are discussed.
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Fig. 2 Extract feature of users and items respectively by auxiliary information
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TR FIRRAEIE IR (A = R R =P R =R ) B gt 2% e S R R
B & RAER R, L ImageNet pretrained 45 FRURZE [ 25 2 BB QURFAE , TP AR AE 0 190 28 4 2 40 iod
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s 220 5 click-session) FE BRI VRISEBURY | Pk A 50542 1055 — 908 £ 9 GRU-RNN 1091
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. Song A N2V R T X A R ( deep semantic structured models, DSSM) BLHATY R B A
FH P O S RO S8 P P 26 BRI e A2 A AR 45, 4 e HE R S Rk MR RE. 0 ol R AE AR DY 25 T P AR £ ]
DNN $& 5 B RAAE A ] RNN S5 [R]ES Ay 1 e R A [ B () SO 88 Xof P P 66 400 M0 1) 52 Wi, A5 A8 il J 7
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A THERE.
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