http: /www. jsjkx. com

DOI:10. 11896/jsikx. 191000172

ETHHRMENZSARMREESBHEFEE X

il
EHAFHENMESERFER EIT 361021

W OE AP RENHERFLETINZESEE 28 FHE T4MK 5 (Matrix Factorization, MF) 89 3 7 F ik £ # 1k
FEmA T R e, AFaTIu B, LP AR T — A K T AP 2 W %4 (Convolutional Neural Networks, CNN) 5 25 sk 45 & 45 1% 5 fiF
(Constrained Probabilistic Matrix Factorization, CPMF) #9353 %, B8 MAELRAZEME A A F LT XM 63
FRAN KR LARET R BN RE BT AL KRG BN PSR A AL RIEE R KA P A IE,
IF & Ao AME LR A1 A5 A P OAR AR AE T 3 R R AT dE AL 6G T P A AR 4E e TR B A5 AR 4B TR G0 4 4E T L R IR S 4R TR R AT 4R T
SRR RARTEEEEHAK KRG, AMA PR B 675, IR B A, £ Movielens ## Amazon 4% & Loy 5 I
HREAN ZHRFFEZEFRTHAGIEEHRD ARARGTHEFLERG EME,

KPR AR ZERL S HRE TR LT XEE

HEZSES TP391

Recommendation Algorithm Based on Convolutional Neural Network and Constrained Probability
Matrix Factorization
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Abstract Due to the sparsity of user rating data and the lack of context information, the recommendation algorithm based on ma-
trix factorization is often lacking in accuracy. To solve this problem.a recommendation algorithm based on convolutional neural
network and constrained probability matrix factorization is proposed. Firstly,a convolutional neural network model is constructed
to identify the contextual auxiliary information of users,obtain the text potential vector,superimpose gaussian noise,and initialize
the project characteristic matrix. Then, according to the user rating information, the user characteristics are constrained by the
constraint matrix,and the user characteristic matrix is initialized by superimposing the compensation matrix. Then, the initialized
user characteristic matrix and project characteristic matrix are used to fit the rating matrix, the rating matrix is decomposed by
matrix,and the coordinate descent algorithm is used to update the parameters. Finally. predict the user’s score on the project and
implement the project recommendation. Experimental results on Movielens and Amazon data sets show that this recommendation
algorithm is significantly superior to the traditional recommendation model and effectively improves the accuracy of recommenda-

tion results.
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