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Recommendation Model Based on Heterogeneous Information Network

CHEN Ke-Di, ZHAO Lei, CHEN Xin-Yi, SHI Ke-Nan
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: To address the cold-start and sparsity problems of recommendation systems, this study proposes a
recommendation model based on a heterogeneous information network. Previous approaches are unable to take into
account both knowledge graph representation learning and implicit path information, which makes the performance of
knowledge recommendation systems mediocre. The proposed method sets meta-paths in the heterogeneous information
network and integrates them into knowledge graph representation learning by the graphrneural network (GNN). Next, the
attention network is used to connect a recommendation task with a knowledge graph representation task. It can not only
learn the potential features of the two tasks but also enhance thetinteractions between the recommended items in the
recommendation system and the entities in the knowledge graph. Finally, the user click rate is predicted in the
recommendation task. The method is experimented on the open dataset Book-Crossing and the knowledge graph
constructed with the DBLP dataset, and the results demonstrate that the proposed model achieves better performance than
that of other algorithms'in indexes of area under curve (AUC), recall, and F'1-score.
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M 76 3 4T W0 4 B 42 2 ) AT R A i, Xt T Book-
Crossing H#i 43& £ ] Mean J575, i et 1
il ) DBLP S 4UEER] Pooling WA T AUC
W%Eﬁan.w;, .

e
i Bit} Book-Crossing DBLP
AUC Acc Recall F1 AUC Acc Recall F1

MEIR 0.623 0.588 0.526 0.562 0.509 0.489 0411 0.325
DeepFM 0.612 0.557 0.488 0.520 0.588 0.576 0.400 0.364
DKN 0.622 0.598 0.420 0.584 0.610 0.481 0.539 0.373
MKR 0.705 0.670 0.534 0.611 0.582 0.467 0.543 0.375
HeteMKR 0.719 0.678 0.535 0.615 0.624 0.482 0.552 0.385
HeteMKR+LSTM 0.706 0.653 0.460 0.599 0.611 0.515 0.464 0.365
HeteMKR-GNN 0.714 0.669 0.515 0.601 0.612 0.510 0.519 0.384
HeteMKR-attention 0.684 0.617 0.404 0.503 0.598 0.522 0.470 0.373

Research and Development iff 72 7+ & 367

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn

EN R S MNA http://www.c-s-a.org.cn 20224F #5313 # 8

5 divERYE

ASCHEH () 5 S BN AR B S HE AR B ALK S iR
B B4 N T S5 AS R 2%, B 3 T i T R AR (S
S, 3 P A 4 R 280 L R N B R R R R 32
X B W G HEEAT 5 AR EE R R AT 55, &
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