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Clustering Method Based on Contrastive Learning for Multi-relation Attribute Graph
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1 School of Computer and Artificial Intelligence, Zhengzhou University, Zhengzhou 450000, China

2 Department of Computer Science and Technology, Tsinghua University, Beijing 100000, China

Abstract In the real world,there are many complex graph data which includes multiple relations between nodes, namely multi-re-
lation attribute graph. Graph clustering is one of the approaches for mining similar information from graph data. However, most
existing graph clustering methods assume that only single type of relation exists between nodes. Even for those that considering
the multi-relation of a graph,they use only node attributes for training,or regard graph representation learning and clustering as
two completely independent processes. Recently,Deep Graph Infomax(DGI) has shown promising results on many downstream
tasks. But there are two major limitations for DGI. Firstly,DGI does not fully explore the various relations among nodes. Second-
ly » DGI does not jointly optimize the graph representation learning and clustering tasks,resulting in suboptimal clustering results.
To address the above-mentioned problems,this paper proposes a novel framework,called clustering method based on contrastive
learning for multi-relation attribute graph(CCLMAG) .for learning the node embedding suitable for clustering in a unsupervised
way. To be more specific, 1) The community-level mutual information mechanism is applied to solve the problem of ignoring clus-
ter information by DGI;2)the Embedding Fusion Module is augmented to aggregate the embedding of nodes in different relation-
ships;3) the clustering optimization module is added to link the graph representation learning and clustering so that the learned
node representation is more suitable for the clustering task,thus enhancing the interpretability of the clustering results. Extensive
experimental results on three multi-relation attribute graph datasets and a real-world futures dataset demonstrate the superiority
of CCLMAG compared with the state-of-the-art methods.

Keywords Clustering, Multi-relation attribute graph, Graph contrastive learning. Graph representation learning, Unsupervised
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Table 2 Model performance on test sets DBLP,IMDB and ACM

AL )
. DBLP IMDB ACM

R Acc F1 NMI ARI Acc F1 NMI ARI Acc F1 NMI ARI
K-means 24.82 17.79 11.63 2.49 30. 48 20.11 1.45 3.05 30.09 29.83 38.43 38.11
Spectral 24.17 9.70 0.18 0.00 33.86 18. 80 0.10 0.01 33.49 16.78 0.13 0.00
LINE 24.83 24.46 54.76 59. 88 32.75 28.70 0.10 —0.90 33.69 33.66 39.40 34.33
Node2Vec 28. 44 30.33 19.33 12.86 34.34 31.55 0.22 0.50 33.17 32.41 0.39 0.29
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HDMI 24.58 24.40 68.70 73.54 30. 31 28.05 9.87 11.72 39.21 40. 20 64. 86 66.98
SDCN 35.85 36.54 67.09 60. 69 35.46 36.90 9.92 10.08 56.02 60. 85 65.17 67.06
CCLMAG 32.21 31.84 70. 88 74.41 40.56 35.43 11.28 15.89 64.36 64.88 70. 81 76.86
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Table 3 Results of ablation experiment
CHAT %)
S DBLP IMDB ACM
: Acc F1 NMI ARI Acc F1 NMI ARI Acc F1 NMI ARI

CCLMAG1 18. 20 17.56 68. 45 72.92 36.50 34.95 8.76 11. 30 62.66 63. 94 69. 90 76.09
CCLMAG2 27.23 25.77 68.01 70.98 33.08 29.97 4.27 4,82 57.69 57.90 69.15 75. 34
CCLMAGS3 31.86 30. 28 68.70 72.06 33.82 30. 31 3.29 3.67 31.59 34. 14 69.55 75.56
CCLMAG 32.21 31.84 70. 88 74.41 40.56 36.43 11.28 15.89 64. 36 64. 88 70. 81 76. 86
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Fig. 3 Visualization of ACM embedding
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Fig.4 Experimental results on real-world FG dataset
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