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Recommended Model for Fusing Multi-Source Heterogeneous
Data Based on Deep Learning

JI Zhen-yan, SONG Xiao-jun, PI Huai-yu, YANG Chun

(School of Software Engineering, Beijing Jiaotong University, Beijing 100044, China)

Abstract; Considering that Internet information today is diverse and inconsistent in structure, in order to
fully utilize the information provided by multi-source heterogeneous data to improve the recommendation
accuracy , a hybrid recommendation model based on deep learning was proposed. The model makes a rec-
ommendation based on combining ratings, review texts and social network data. The model also adopts
deep learning to learn features of reviews and ratings, and then uses social network to constraint sam-
pling. Experiments show that the model is of higher accurate feature representations of users and items.
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ANFEAE 1) B A 4 FE S E N 300, 258 2 BPR 1Y A
FHERE R E R 100, e RIE AR B B 40,77 )
RUEEEN0.01, FETSHALE N 0. 1. LDA B F

S RCBE M 100, e R AR BGR B 3 000.
RankALS (K F4E B B R 10, e RIEFC IR Bk
B 5. JRL i batch size T & 64, F R IEACIREL
BN 30,24 R E N 0. 05, T RS E NS,
BRI BT SR BN S, B FRE 1] o 1Y 2 15
4 200. BTRS F{i% B[R SE5 1.
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