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Multi-channel graph attention network with disentangling
capability for social recommendation

HONG Mingli'* | WANG Jing'*, JIA Caiyan'’
(1. School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China;
2. Beijing Key Laboratory of Traffic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China)

Abstract; A Multi-channel graph attention network social recommendation model with disentangling capability was proposed. This model
mainly included three modules; the deep clustering module, the aggregation module based on multi-channel graph attention network, and the rating
prediction module. Among them, the deep clustering module was used to group users and items. The clustering results can be used to split user-
user social graph and user-item interaction graph into multiple subgraph to learn user interest groups and users’ interests in different types of items.
The aggregation module learns the attention of different sub-graphs to the prediction results. The rating prediction module input the learned user
representation vector and item representation vector into the multilayer perceptron for rating prediction. Extensive experiments on multiple real-world
datasets demonstrate that the proposed method is better than other social recommendation algorithms. Specifically, compared with the latest graph
neural networks method for social recommendation, the root mean square error is respectively reduced by 2.26% and 2.07% on the Ciao and
Epinions datasets, and the mean absolute error is respectively reduced by 2.58% and 3.06% .
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Fig. 1 Model framework
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Tab.1 Statistical information on experimental data sets
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Tab.2  Comparison of experimental results
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Tab.3 Effect of different number of channels

Ciao Epinions
fETY
MAE  RMSE  MAE RMSE
MGAT-D -1 0.7421 0.9539 0.8048 1.0486
MGAT-D -2 0.7154 0.9500 0.7937 1.0380
MGAT-D -3 0.7236 0.9480 0.7909 1.037 6
MGAT-D -4 0.7112 0.9486 0.7817 1.0387

3.3.2 ARXEAYREX BN LR

T X6 A B P A 28 T R e Kk
BERIPERE I SZ M. 3R 4 B85 TSR s L, Hop
MGAT-D-S 3R £ B F 7 #1528 B B 15 8 , MGAT-
D-T 7R L BR4 i B xS E A B AL, MGAT-D-ST 3%
TN E R P AL RS B A il B X I s A

H 3 4 AT H1: MGAT-D PEREYL T MGAT-D-S |
MGAT-D-T F1 MGAT-D-ST, Bl i Ffj il 7 432 [&]
Wi B X AT AR S M SR .

x4 #HxEMYEEXEXNZEAIRBR
Tab.4  Effect of social graphs and item implicit

graphs on experiments

Ciao Epinions
R
MAE RMSE MAE RMSE
MGAT-D  0.7112 0.9486 0.7817 1.0387
MGAT-D-S 0.7176 0.9532 0.8170 1.0408
MGAT-D-T  0.7286 0.9603 0.7993 1.0497
MGAT-D-ST 0.7272 0.9679 0.8084 1.0528
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