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Deep Graph Contrastive Clustering Algorithm Based on Dynamic Threshold Pseudo-label Selection
WANG Pei, YANG Xihong, GUAN Renxiang and ZHU En

College of Computer Science and Technology, National University of Defense Technology,Changsha 410073, China

Abstract In recent years,graph neural networks have performed well in processing complex structural data,and are widely used
in node classification, graph classification,link prediction and other fields. Deep graph clustering combines the powerful represen-
tation ability of GNNs with the goal of clustering algorithms to discover hidden population structures from complex graph struc-
ture data. However, the existing pseudo-label-based graph clustering algorithms often use fixed thresholds to filter samples ac-
cording to categories to obtain high-confidence sample data to guide model optimization. However, the method of fixed thresholds
can lead to category imbalance, which in turn affects the performance of model clustering. In order to solve the above problems,
this paper proposes a contrastive clustering algorithm based on dynamic threshold pseudo-label depth map. Specifically,two mul-
tilayer perceptron(MLP) structures that do not share parameters are used to capture the latent structural features of the graph
data,and the K-Means algorithm is used to obtain the clustering results. On this basis.the trust strength is introduced to dynami-
cally adjust the threshold for obtaining pseudo-labels,and the number of high-confidence samples in each category is dynamically
adjusted during the training process to alleviate the problem of category imbalance. In addition, this paper optimizes the contras-
tive learning strategy.improves the construction method of sample pairs,and improves the discriminant ability of the model. Ex-
perimental results show that the proposed method performs well on the six benchmark datasets,surpassing the existing methods
in multiple evaluation indicators.and strongly demonstrates the effectiveness of the proposed algorithm.

Keywords Deep graph clustering . Pseudo-label,Graph contrastive clustering, Graph meural network,Dynamic threshold
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Table 3 Comparison experiment results
CORA CITE AMAP
methods
ACC NMI ARI F1 ACC NMI ARI F1 ACC NMI ARI F1

DCN 49. 38 25.65 21.63 43.71 57.08 27. 64 29.31 53.80 48.25 38.76 20.8 47.87

DEC 46.50 23.54 15.13 39.23 55.89 28.34 28.12 52.62 47.22 37.35 18.59 46.71
MGAE 43.38 28.78 16.43 33.48 61.35 34.63 33.55 57.36 71.57 62.13 48.82 68.08
ARGA 71.04 51.06 47.71 69. 27 61.07 34.40 34.32 58.23 69. 28 58. 36 44,18 64.30
AdaGAE 50. 06 32.19 28.25 53.53 54.01 27.79 24.19 51.11 67.70 55.96 46. 20 62.95

(ZE3)
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CORA CITE AMAP
methods
ACC NMI ARI F1 ACC NMI ARI F1 ACC NMI ARI F1
GCA 53.62 46. 87 30. 32 45.73 60. 45 36. 15 35. 20 56.42 56.81 418. 38 26. 85 53.59
CONVERT 73.57 55.07 50. 28 70.92 68.33 42.15 42.12 62.21 77.19 66.33 58.77 73.05
AutoSSL 63. 81 47.62 38.92 56.42 66.76 40. 67 38.73 58.22 54.55 18.56 26. 87 54.47
MGCN 71.09 53.89 50.19 69.97 65.67 39.96 37.55 59.67 76.67 65.55 57.56 71.19
Ours 74.42 57.08 52.55 71. 06 69.72 43.81 44,42 62.39 77.70 67.17 58.53 72.32
F4 XHELRER
Table 4 Comparison experiment results
BAT CITE UAT
methods
ACC NMI ARI F1 EAT NMI ARI F1 ACC NMI ARI Fl
DCN 47.79 18.03 13.75 46. 80 38.85 6.92 5.11 38.75 46.82 17.18 13.59 45.66
DEC 42.09 14. 10 7.99 42.63 36.47 4.96 3. 60 34. 84 45.61 16.63 13.14 44,22
MGAE 53.59 30.59 24.15 50. 83 44.61 15. 60 13.40 43.08 48.97 20. 69 18. 33 47.95
ARGA 67.86 49.09 42.02 67.02 52.13 22.48 17.29 52.75 49, 31 25. 44 16.57 50. 26

AdaGAE 43.51 15. 84 7.80 43.15  32.83
GCA 54.89  38.88 26.69 53.71 48.51

CONVERT 76.79  51.53 49.56 76.23 58.31

4. 36 2.47 32.39  52.10  26.02  24.47  43.44
28.36 19.61 48.22  39.39 24.05 14.37 35.72
33.25 26.97  57.32 57.52  28.77 27.17 55.12

AutoSSL 42.43 17. 84 13.11 34. 84 31.33 7.63 2.13 21.82 42.52 17. 86 13.13 34.94
MGCN 75.23 50.03 46. 36 76.12 56.57 33.52 24.72 57.19 56.77 28.51 23.18 57.12
Ours 76.56 51.59 49.37 76. 40 57.57 34.00 27.58 57.57 58.72 29.77 27.29 57.54
T d A5 SRR .
4.3 HBLIRIG BRI . I (w/0) B” KR B B i1 G 51 AR A b 52 07 15
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5 THMSLL
Table 5 Ablation study
CORA CITE AMAP
methods
ACC NMI ARI F1 ACC NMI ARI F1 ACC NMI ARI F1
(w/0)B 67.80 51.07 44.34 63.92 62.71 38.79 37.69 54. 84 74.65 62.68 54.85 68.18
(w/0)D 65.25 48.78 41. 66 61.70 60. 94 38.13 36.72 51.49 69. 15 58.77 51.09 62.03
Ours 74.42 57.08 52.55 71. 06 69.72 43.81 44.42 62.39 77.70 67.17 58.53 72.32
T e A ML R
6 IS
Table 6 Ablation study
BAT EAT UAT
methods
ACC NMI ARI F1 ACC NMI ARI F1 ACC NMI ARI F1
(w/0)B 74.12 49. 81 45. 64 74.01 56.02 32.60 27.37 54.79 54. 85 26. 54 22.76 54.16
(w/0)D 73.97 49.77 45.90 73.73 55.94 31.88 26.97 54.77 54.29 26.01 21.89 53.33
Ours 76.56 51.59 49. 37 76. 40 57.57 34.00 27.58 57.57 58.72 29.77 27.29 57.54
T d A5 SRR .
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Fig. 2 Sensitive analysis of T
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Fig. 3 Sensitive analysis of 0
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Table 7 MLP weight seletction experiment results
MLP € 4 &
Wi E 45 7o P 7o g o g o P 7 7o
0.1 0.9 0.3 0.7 0.5 0.5 0.7 0.3 0.9 0.1
ACC 72.87 73.47 74.42 73.99 73.07
NMI 55. 84 56.26 57.08 57.39 56.23
CORA
ARI 51.32 51.44 52.55 51.86 51.29
F1 68.83 69. 85 71. 06 68.62 67.61
ACC 68.67 69.08 69.72 69.16 68. 81
NMI 42.34 43.51 43.81 43. 64 42.77
CITE
ARI 43.09 43.28 44.42 44.49 43.66
F1 60. 21 61.52 62.39 62.12 61.65

4.6 AT
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Fig. 4 Visualization experiments on CORA and AMAP datasets
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