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Neural Collaborative Filtering for Social Recommendation Algorithm Based on Graph Attention

ZHANG Qi', YU Shuangyuan', YIN Hongfeng” and XU Baomin'
1 School of Computer and Information Technology,Beijing Jiaotong University,Beijing 100044, China

2 School of Computer and Information Technology,Cangzhou Jiaotong University, Cangzhou, Hebei 061199, China

Abstract The development of Internet technology has made the problem of information overload more and more serious. In order
to solve the problems of data sparse and cold start of traditional recommendation technology,social recommendation has gradually
become a research hotspot in recent years. As a network,graph neural networks(GNNs) can naturally integrate node information
and topology.offer great potential for improving social recommendation. But there are still many challenges for social recommen-
dation based on graph neural network. For example, how to learn accurate latent factor representations of users and items from
user-item interaction graphs and social network graphs;Simply mapping of inherent properties of users and items to obtain em-
beddings.but key collaborative signals of user-item interactions are not learned. In order to learn more accurate latent factor rep-
resentations,capture key collaborative signals, and improve the performance of recommender systems,a graph attention-based
neural collaborative filtering social recommendation model(AGNN-SR) is proposed. The model is based on user-item interaction
graphs and social network graphs.and learns latent factors of users and items from multiple perspectives through a multi-head at-
tention mechanism. In addition,graph neural networks utilize higher-order connectivity to recursively propagate embedding infor-
mation on the graph, explicitly encoding collaborative signaling to explore deep and complex interactions between users and
items. Finally, the effectiveness of the AGNN-SR model is verified on three real datasets.

Keywords Social recommendation.Graph neural network, Multi-head attention,Neural collaborative filtering
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Table 1 Statistics of Ciao,Epinions and FilmTrust datasets
Dataset Ciao Epinions FilmTrust

# of Users 7317 40163 1508

# of Items 104975 139738 2071

# of Ratings 283319 664 824 35497

# of Density(Ratings) /% 0.0368 0.0118 1.1400

£ of Social Connections 111781 487183 1853

# of Density(Social 0.2087  0.0290 0.4200

Relations) / %
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Table 2 Performance comparison on Ciao

Metric MAE RMSE

PMF 0.9057 1.1302

SoReg 0.8702 1.0935

NeuMF 0.8272 1.0739

Algorithms Social MF 0.8314 1.0651
TrustMF 0.7950 1.0586

SoRec 0.8633 1.0711

GraphRec 0.7432 1.0017

AGNN-SR 0.7301 0.9937

Improve 1.79% 0.47%
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Table 3 Performance comparison on Epinions

Metric MAE RMSE

PMF 1.0099 1.2217

SoReg 0.9201 1.1835

NeuMF 0.9147 1.1442

Algorithms SocialMF 0.8952 1.1479
TrustMF 0.8576 1.1402

SoRec 0.8996 1.1521

GraphRec 0.8169 1.0791

AGNN-SR 0.7871 1.0547

Improve 3.78% 2.31%
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Table 4 Performance comparison on FilmTrust

Metric MAE RMSE

PMF 0.7995 0.9730

SoReg 0.6788 0.8933

NeuMF 0.6641 0.8547

Algorithms SocialMF 0.6503 0.8473
TrustMF 0.7950 0.8211

SoRec 0.6417 0.8109

GraphRec 0.6294 0.7994

AGNN-SR 0.5975 0.7742

Improve 5.34% 3.25%
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Fig. 4 Effect of attention mechanisms on datasets
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Fig.5 Effect of the number of attention head on datasets
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Fig. 6 Effect of neural collaborative filtering on datasets
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Table 5 Effect of different embedding propagation layers

Ciao Epinions FilmTrust

Layers
MAE RMSE MAE RMSE MAE RMSE

1 0.7330 0.9968 0.7889 1.0563 0.5994 0.7766
2 0.7326  0.9942 0.7885 1.0559  0.5980 0.7758
3 0.7301 0.9937 0.7871 1.0547 0.5975 0.7742
4 0.7299 0.9936 0.7870 1.0545 0.5983 0.7751
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