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Contrast—Aware Generative Graph—Level Completion Clustering
Network

HU Tianyu, YANG Zishuo, XIE Xia
(School of Computer Science and Technology , Hainan University , Haikou 570228, China)

Abstract: The existing graph level clustering methods usually assume that the node attributes of the input graph are complete, but the prob-
lem of attribute missing is common in practical applications, which seriously affects the clustering performance. For this reason, a generative
graph level completion clustering network CGAE-GC for attribute missing is proposed to build an end—to—end joint optimization framework.
Firstly, the network restores the missing attributes by using the confrontation generation network ; Secondly, the discriminability of graph level
embedding is improved through comparative learning; Finally, the iterative optimization of soft allocation and target distribution is used to fur-
ther improve the clustering performance. On the five open benchmark datasets, the average accuracy and F1 value of CGAE-GC reached
62.0% and 53.9% respectively, which were 3.3% and 6.7% higher than the optimal baseline, respectively, and verified the clustering effec-
tiveness of this method in the attribute missing scenario.
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Table 1 Details of datasets
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Table 2 Clustering results of CGAE—GC and multiple baseline methods on five data sets

R2 CGAE-GCHENMEZAFEESNBBELNRELER (%)
. ACC NMI
ik BZR COX2 DD IMDB-MULTI Letter—low BZR COX2 DD IMDB-MULTI Letter—low
SP 65.2+0.3 51.2+0.2 53.5+0.2 22.1+0.1 15.1+0.7 3.9+0.1 0.1+0.1 0.6+0.1 0.2+0.1 23.2+2.4
GK 56.3+2.7 44.5+0.1 53.0+1.1 23.3+0.1 13.2+0.3 0.7+0.0 0.0+£0.0 0.4+0.2 0.6+0.1 16.2+1.4
InfoGraph 63.7+2.4 51.0+1.4 53.1+4.5 30.2+0.1 13.6+0.4 1.2+0.5 2.3+1.7 0.7+0.2 0.5+0.0 13.1+0.6
GraphCL 60.5+3.1 48.5+1.7 50.6+5.0 28.0+0.3 12.2+0.4 0.9+0.7 2.4+1.9 0.5+0.3 0.3+0.1 11.7+0.6
GLCC 67.2+2.3 54.6+1.3 57.0+4.1 32.7+0.1 15.3+0.3 1.7+0.4 3.2+14 0.9+0.1 0.6+0.1 14.5+0.3
UDGC 60.2+8.0 69.4+3.1 53.5+0.1 32.8+3.8 29.3+5.3 1.3+0.9 1.1+0.6 2.1+0.1 1.3+0.0 33.7+1.2
DGLC 70.9+4.7 78.7+4.1 69.3+2.8 38.8+2.2 36.1+0.9 3.4+0.0 1.320.1 3.9+0.5 1.5+0.3 1.2+0.1
DCGLC 69.6+4.1 78.2+3.5 59.9+2.0 40.5+2.7 44.6+2.0 74+1.4 1.7+0.7 1.8+0.1 3.2+1.1 4.2+1.6
CGAE-GC 74.0+5.2 78.5+2.8 72.2+1.4 40.6+0.2 45.7+8.2 8.8+1.1 2.9+0.9 17.8+1.1 2.2+0.1 42.1+0.2
N ARI Macro—F1
Jrik BZR COX2 DD IMDB-MULTI Letter—low BZR COX2 DD IMDB-MULTI Letter—low
SP 3.9+0.2 0.3+0.1 0.1+0.1 0.2+0.0 15.0+1.4 46.6+1.2 50.7+0.6 52.1+0.2 16.8+0.1 9.4+0.1
GK 2.8+0.7 0.1+0.0 0.0+0.0 0.1+0.0 11.1+0.2 43.7+5.6 40.8+1.0 50.1+1.2 17.7+0.1 13.1+0.7
InfGraph 3.9+0.9 3.1+1.3 0.1+0.0 0.3+0.0 13.2+0.3 55.8+0.7 50.2+3.4 49.6+0.2 21.5+0.5 12.2+0.8
GraphCL 3.2+1.1 2.5+1.5 0.1+0.1 0.2+0.1 11.5+0.2 52.5+1.4 47.7+3.7 48.3+0.3 19.8+0.7 10.8+1.0
GLCC 4.6+0.8 3.6+1.2 0.2+0.1 0.4+0.1 14.8+0.5 60.4+0.8 53.1+2.9 51.8+0.1 24.0+0.3 14.4+0.6
UDGC 1.2+0.1 0.3+0.0 2.9+0.2 0.4+0.3 15.8+0.6 56.6+0.7 36.3+3.9 51.8+3.3 29.3+0.4 31.0+2.8
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DCGLC 17.2+1.9 5.0+1.0 1.1+0.1 3.1x1.3 32.8+1.0 63.2+3.2 69.4+2.7 54.8+2.0 33.7+2.2 12.5+1.8
CGAE-GC 17.9+0.5 5.1+0.0 18.1+0.7 3.3+0.2 33.7+0.8 69.8+3.7 71.1+1.9 68.5+5.5 37.2+0.1 30.8+0.0
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Table 3 Module ablation test results
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Table 4 Model performance under different missing rates
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Fig. 3 Model performance under different weight configurations
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