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Fig. 1 Overall framework of the proposed model
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Fig. 2 Structure of the self-supervised learning module
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EH5 M A ARIC A 2% 1] 5 HO" = softmax(H®) € R™,
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3 ZRERSHR
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34 H K5 SCEHE 4 ¢ Cora, Citeseer, PubMed.
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B, —Rie SRS s G T 55 4 — e 3,
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x1 HEEELXES

Table 1 Basic information of datasets

LGS RiTEYi 4 bR HRERL FFAE A
Cora 2708 5429 7 1433

Citeseer 3327 4732 6 3703

PubMed 19717 44338 3 500

AR SR 4 P S [A) 28 3 B 3k 28 A 7Y 9E 47 X B
2. D £ )2 AL (multilayer perceptron, MLP) 1
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Fig. 3 t-SNE visualization of node features obtained by two model on Cora dataset under different numbers of known labels
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Fig. 4 t-SNE visualization of node features obtained by two models on Core dataset under different model depth
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Self-supervised learning for community detection based on deep graph
convolutional networks
WANG Zaisheng, WANG Xiaofeng', SHEN Guodong, ZHANG Zengjie, QUAN Daying
(College of Information Engineering, China Jiliang University, Hangzhou 310018, China)

Abstract: To alleviate the excessive dependence of graph neural networks on prior knowledge in community
discovery and improve recognition accuracy, a novel self-supervised learning model for community detection based
on a deep graph convolutional network (GCN) is proposed. The model makes full use of the semantic features of a
small number of nodes and obtains pseudo-labels of unknown nodes through a semantic alignment mechanism, and
thus introduces a self-supervised module to alleviate the dependence on a large number of prior labels during the
training of GCN. Furthermore, by stacking self-supervised modules, a deep graph self-supervised learning model is
built to increase the accuracy of community detection by obtaining the global information of networks. Two strategies,
identity mapping and initial residual, are employed to address the over-smoothing issues that the deep model
introduces. According to experiments conducted on publicly available datasets, the suggested approach outperforms
current models in terms of community recognition accuracy when a limited number of prior labels are used and the
model depth is increased.

Keywords: complex network; community detection; graph convolutional network; residual connection; self-

supervised learning
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