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Table 3 Results of node classification experiment (5% training data) Unit: %
Hom Cora Citeseer Pubmed

Models Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1
VGAE 76.81 74.55 59.78 51.52 83.34 82.83
Linear-VGAE 70.53 68.16 58.94 51.53 80. 30 79.72
GC-VGAE 72.97 68.19 70.77 61. 00 78. 83 79.03
MSVGAE 77.55 70.79 69. 50 60.13 81.63 81.63
OSA-VGAE 78.36 73.28 69.02 59.95 79.74 79.48
Sell-VGAE 81.02 79.39 71. 44 61.63 83.70 83.39

Note:bold is the best result,underlined is the second best result.
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Table 4 Results of link prediction experiment Unit: %
A Cora Citeseer Pubmed
Models AUC AP AUC AP AUC AP
VGAE 89. 60 90. 87 90. 46 91.90 92. 60 93.21
Linear-VGAE 89. 36 90. 64 89. 07 90. 91 93. 86 94.07
GC-VGAE 90.11 90. 29 91.77 91.27 93. 96 94.01
MSVGAE 91.93 91.97 93.66 93.79 92.05 92.21
OSA-VGAE 92. 26 92. 74 94.08 94. 38 93.78 94.32
Sell-VGAE 93.50 93. 65 95.56 95.92 94. 84 94. 95
Note:bold is the best result,underlined is the second best result.
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Graph Representation Learning Enhanced by Self-supervised In-

formation

YUAN Lining"*, WEN Zhu** * ,FENG Wengang',L1U Zhao’
(1. School of National Security, People’s Public Security University of China, Beijing, 100038, China; 2. School of Information

Technology, Guangxi Police College, Nanning . Guangxi, 530028, China; 3. Graduate School, People’s Public Security University of
China, Beijing, 100038, China)

Abstract: Graph representation learning models rely on specific task to preserve features,and the generaliza-

tion of node representations are limited. Aiming at the above problems,a graph representation learning model

Self-Variational Graph Auto Encoder (Self-VGAE) enhanced by self-supervised information is proposed in

this article. Firstly, graph convolutional encoder and node representation inner product decoder are used to
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construct a VGAE. The feature extraction and coding of the original graph are performed. Then, the topology
and node attributes are used to generate self-supervised information,and the generation of node representa-
tion is constrained during model training. In multiple graph analysis tasks, the experimental performance of
Self-VGAE is better than the current more advanced baseline model, which shows that the introduction of
self-supervised information can enhance the ability to retain the similarity and difference of node features and
the ability to maintain and infer the topology. Furthermore, Sel[-VGAE has a stronger generalization ability.
Key words: self-supervised information; graph representation learning; graph variational auto encoders; graph

convolutional networks;contrastive loss
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