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Deep Clustering Network Based on Graph Relationship Selection

SUN Yanfeng, DU Pengfei
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Abstract: To solve the problem of overfitting in the method of encoding graph structure information based
on graph convolutional network ( GCN) in depth clustering, a method is proposed to encode graph
structure by fusing graph adjacency into traditional depth network through contrastive learning. First, in
this method, an auto-encoder ( AE) was used to learn the deep potential representation of node features.
Then, through contrastive learning, discriminative node representations were learned from graph
relationships, and more detailed inter node influence was designed to provide a strong basis for selecting
positive and negative samples for contrastive learning. Finally, the network was trained by self-supervised
learning to implement node clustering. A large number of experiments on six benchmark datasets show
that the proposed method significantly improves the clustering accuracy.
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BaE%E 4865 VGAE®  DAEGC™’  SDONP AGCN™  DCRN™ scec™ GC-SEE™’  DMDSCM®’  GRSDCN
Aee  84.13£0.22 86.94+2.83 90.45+0.18 90.59+0.15 91.93+0.20 92.56+0.01 91.67+0.10 92.36+0.10 92.60+0.13
Ny 53.200.52 56.184.15 68.31£0.25 68.38+0.45 71.56+0.61 73.27+0.03 70.83£0.25 72.52+0.22 73.390.12
ACM Ay 57.72£0.67 59.35+3.89 73.91+0.40 74.20+0.38 77.56+0.52 79.19+0.03 76.890.24 78.65+0.43 79,28 £0.12
F, 84.17£0.23 87.07+2.79 90.42+0.19 90.58+0.17 91.94+0.20 92.54£0.01 91.66+0.09 92.36+0.11 92.61+0.13
Aee  58.59£0.06 62.05+0.48 68.05+1.81 73.26+0.37 79.66+0.25 77.67+0.14 79.23+0.96 75.33+0.33 80.23+0.38
Ny 26.92:0.06 32.49+0.45 39.50+1.34 30.68+0.42 48.95+0.44 47.05+0.16 48.04+1.46 44.30+0.50 51.050.26
DBLP Ay 17.92£0.07 21.0320.52 39.15£2.01 4249031 53.600.46 51.07+0.22 53.51+1.82 46.1720.21 55.76 £0.19
F, 58.69+0.07 61.75+0.67 67.71+1.51 72.80+0.56 79.28+0.26 77.27+0.13 78.55+0.99 75.34+0.66 79.62+0.23
Aee  60.97£0.36 64.54+1.39 65.96+0.31 68.79+0.23 70.86+0.18 73.19+0.06 70.90+0.56 70.33+0.31 73.73%0.35
Ny 32.69£0.27 36.41£0.86 38.71£0.32 41.54£0.30 45.86+0.35 46.74+0.10 44.00+0.64 44.39+0.88 48,05 +0.28
CiteSeer 4 33135053 37.78+1.24 40.1720.43 43.790.31 47.6420.30 50.010.12 46.4720.76 46.85+0.97 5117 £0.32
Fi o 57.70+0.49 62.20+1.32 63.62+0.24 62.37+0.21 65.83+0.21 63.34+0.04 63.1240.66 65.43+0.63 63.81+0.34
Aee  56.19£0.72 73.55£0.40 78.08+0.19 80.98 +0.28 82.90+0.08 82.25+1.97 88.55+0.12 84.03£0.22
Ny 51.08+0.37 71.12£0.24 79.510.27 79.64 £0.32 82.51£0.07 79.72£0.92 82.66+0.31 82.91 +0.65
USPS Ay 40.96£0.59 63.33£0.34 71.84£0.24 73,61 £0.43 76.48£0.11 75.38+2.42 80.76£0.22 78.07+0.37
F,  53.63+1.05 72.45+0.49 76.98+0.18 77.61+0.38 80.06+0.05 76.83+1.26 87.59+0.97 80.28 +0.26
Aee  T1.30£0.36 76.51£2.19 84.26+0.17 88.11 +0.43 89.49 £0.22 89.63£0.22 90.42 +0.31
Ny 62.950.36 69.10£2.28 79.90£0.09 82.44 +0.62 84.24 +0.29 83.47+0.64 87.39 +0.47
HHAR 0 51475073 60.382.15 72.84+0.09 77.07 £0.66 79.28 £0.28 79.30£0.25 8114 £0.43
F, 71.55+0.29 76.89+2.18 82.58+0.08 88.00:0.53 89.59 +0.23 89.95+0.56  90.58 +0.37
Aee  60.85£0.23 65.50£0.13 77.15+0.21 79.30+1.07 80.32 +0. 04 87.29+0.36 81.12+0.32
Ny 25.51£0.22 30.55£0.29 50.82+0.21 57.83+1.01 55.63 £0. 05 66.49 £0.82  59.51£0.15
Reuters Aw  26.1820.36 31.12£0.18 55.36£0.37 60.55+1.78 59.67 +0. 11 73.35£0.44  62.22+0.26
F, 57.1420.17 61.82+0.13 65.48+0.08 66.16+0.64 63.66 +0. 03 7746 £0.42 66,92 £0.47
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