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Recommendation Method Based on Knowledge Graph Residual Attention Networks

FAN Hongyu,ZHANG Yongku and MENG Xiangfu

School of Electronic and Information Engineering, Liaoning Technical University, Huludao, Liaoning 125105, China

Abstract With the rapid development of the Internet today,recommendation system has become an important means to relieve
the information overload. Current recommendation methods mainly use deep learning model to mine users’ interests in the pro-
ject. However, the current recommendation methods using graph neural networks cannot effectively represent the interaction be-
haviors between users and items well,and the increase in the number of network layers will cause the problem of gradient disap-
pearance. Therefore, this paper proposes a model that combines the GC-OTE knowledge graph embedding approach with residual
networks and attention mechanisms. First.the interaction information of users or items is represented by embedding the neighbor
attributes of nodes,then user-item interactions are analyzed by graph neural and residual networks,and finally,attention mecha-
nisms are used to distinguish different neighborhoods. Experiments on two real-world datasets Alibaba-fashion and Last-FM

demonstrate that the proposed method can significantly improve the recommendation performance.

Keywords Recommendation system,Graph neural network, Knowledge graph,Collaborative filtering. Embedding propagation
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Table 2 Comparison of experimental results between the proposed

recall @K = (23)

model and comparison models

Last-FM Alibaba-fashion
Recall@20 NDCG@20 Recall@20 NDCG@20

FM 0.0778 0.0768 0.0857 0.0713
NEM 0.0829 0.0810 0.1278 0.0735
CKE 0.0736 0.0805 0.1287 0.0674
CFKG 0.0723 0.0644 0.0692 0.0558
RippleNet 0.0842 0.0766 0.1121 0.0695
KGAT 0.0870 0.0845 0.1295 0.0816
RKGAT 0.1095 0.1544 0.1484 0.1173

4.4.2 FRRSGBENBERAEAEZRG YA

Z I 1Y B RIS AS [F) 1 3R 5 5 0 7 SORRE RS 10 4 7 3K
RFE M, I AR R 3 . AR
GCN, GraphSage fll Bi-Interaction, 7 % 45 R £ H R & %
GCN & BUAL T 2K A& %% GraphSage M 20 . K A 4% Bi-ln-
teraction B R TR A4 GCN R, JHHER G H
GraphSage W % B AR K IR o F1 H T 4 e, 2Z 0] 79 38
H., FMAE B AL R B R A AR AE A 32 TAF 0 7 Y

RORA BARAEH]
* 3 RAEDMIK
Table 3 Aggregator test
Last-FM Alibaba-fashion
Recall@20  NDCG@20 Recall@20 NDCG@20

GCN 0.1053 0.1385 0.1429 0.1087
GraphSage 0.1050 0.1378 0.1432 0.1068
Bi-Interaction 0.1061 0.1408 0.1464 0.1092

4.4.3 FIFEFBERABEFHAR A YR

L5 Y H R TF T R [7] (1 2 27 580 A SCAS D (1 1 AL
PRSI, 2R I 4 B AL SR T 32 AR A 2 5 R 1 Y
M) o PRI O A 25 52 W A AR ) A R o AR AR AR v g A Y 2
2R TR SR, Fah HEAT ROk B — A R AR A 2 3] R
DA 2 DI R B 0 e 2 s SR SR A R Rl 3 TR, 22
Fy 0,001 B HERE R BRI B A 222 2T %y 0. 05 B L HE
FER R IR R 2% .
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Fig. 3 Learning rate test

4. 4.4 dropout *F#E A 3 7 2k R 69 %o
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HEAERCR =R s, [ R 8 ) 28 B B I 2R, dropout 138
HBE AT LABT AR SCREBI Y . SEIR A RN 4 BRR .
4 dropout FI{H A 0. 1 B, 7E Last-FM £ 5 | AR ST #EFE
5 SR B i 5 24 dropout [{H A 0. 3 A, 7E Alibaba-fashion
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Fig.4 dropout test
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