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Feature Interpolation Based Deep Graph Contrastive Clustering Algorithm
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Abstract Mixup is an effective data augmentation technique in the field of computer vision. It is widely used for expanding the
training distribution by interpolating input images and labels to generate new samples. However, in the context of graph node
clustering tasks,designing robust interpolation methods poses challenges due to the irregularity and connectivity of graph data,as
well as the unsupervised nature of the problem. To address these challenges,we propose a novel approach that leverages a dedica-
ted encoder with non-shared parameters to extract embedding features from different views of graph. This allows us to effectively
integrate both the node features and structural information. We then introduce Mixup into the clustering task by performing
mixed interpolation on the embedding features along with their corresponding pseudo-labels. To ensure the reliability of these
pseudo-labels,we apply a threshold to filter out high-confidence predictions, while incorporating an exponential moving average
(EMA) mechanism for updating model parameters and considering the historical information during training. Furthermore,we in-
corporate a graph contrastive learning module to enhance feature consistency across different views, reducing information redun-
dancy and improving the discriminative power of the model. Extensive experiments on six datasets demonstrate the effectiveness

of the proposed method.

Keywords Data augmentation,Graph contrastive clustering, EMA, Mixup,Graph neural network
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Table 3 Comparison experiment

)

B & Fzr DCN DEC MGAE  ARGA  AdaGAE  GCA  AFGRL AutoSSL  MCGC Ours
ACC 19.38 16. 50 13.38 71.04 50. 06 53. 62 26. 25 63. 81 12.85 72.70

CORA NMI 25.65 23.54 28.78 51.06 32.19 46.87 12.36 147.62 24.11 55.28
ARI 21.63 15.13 16. 43 47.71 28. 25 30. 32 14.32 38.92 14.33 49.65

F1 43.71 39. 23 33.48 69. 27 53.53 145.73 30. 20 56.42 35.16 69.33

ACC 57.08 55.89 61.35 61.07 54,01 60. 45 31.45 66.76 61.76 69.17

CITE NMI 27.64 28.34 34.63 34. 40 27.79 36.15 15.17 10. 67 39.11 42.75
ARI 29.31 28.12 33.55 34.32 24.19 35.20 14.32 38.73 37.54 44.03

Fl 53.80 52.62 57.36 58.23 51.11 56. 42 30. 20 58.22 59. 64 60. 01

ACC 48.25 47.22 71.57 69. 28 67.70 56. 81 75.51 54.55 77.46

NMI 38.76 37.35 62.13 58.36 55. 96 18.38 64.05 18.56 67.50

AMAP ARI 20. 80 18.59 18. 82 14,18 16. 20 26. 85 54. 45 26. 87 OOM 8. 27
F1 147.87 16.71 68.08 64. 30 62.95 53.59 69. 99 54.47 72: M

ACC 17.79 12.09 53.59 67.86 43.51 54.89 50. 92 12.43 38.93 75.27

NMI 18.03 14. 10 30.59 19.09 15. 84 38.88 27.55 17.84 23.11 50.57

BAT ARI 13.75 7.99 24.15 42.02 7.80 26. 69 21. 89 13.11 8. 41 47.76
Fl 16. 80 12.63 50.83 67.02 43.15 53.71 16.53 34.84 32.92 75.01

ACC 38.85 36. 47 14,61 52.13 32.83 18.51 37.42 31.33 32.58 57. 64

NMI 6.92 1,96 15. 60 22.48 4.36 28.36 11.44 7.63 7.04 33.59

EAT ARI 5.11 3. 60 13.40 17.29 2.47 19.61 6.57 2.13 1.33 27.55
F1 38.75 34,84 13.08 52.75 32.39 18.22 30.53 21.82 27.03 57.37

ACC 16.82 15.61 18.97 19.31 52.10 39.39 11.50 12.52 11.93 55.95

NMI 17.18 16.63 20. 69 25. 44 26.02 24.05 17.33 17.86 16. 64 27.55

UAT ARI 13.59 13. 14 18.33 16. 57 24,47 14.37 13.62 13.13 12.21 23.16
F1 145. 66 44,22 47.95 50. 26 43.44 35.72 36.52 34.94 35.78 55.65
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Table 4 Time consumption

HER DCN DEC MGAE MCGC Ours
CORA 47.31 91.13 7.38 118.07 2.72
CITE 74.69 223.95 6.69 126.06 3.39
AMAP 94.48 264.20 18. 64 OOM 7.42
UAT 29.57 42.30 4.75 23.10 1.37
BAT 9.56 26.99 4.64 2.87 1.17
EAT 7.46 21.37 3.83 2.28 1.14

Avg. 72.16 193.09 10. 90 122.07 4.51
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Table 5 Ablation study

BiEE ECR (w/0)C (w/0)F  (w/0)EMA  Ours
ACC 71.48 64. 25 70.23 72.70
NMI 53.48 48. 69 53.08 55.28

CORA
ARI 48.65 40.42 47.40 49. 65
F1 65.15 58.11 65.93 69.33
ACC 67.63 60. 49 67.72 69.17
g WML L7 38.71 12,12 42.75
) ARI 41.39 36. 84 42.15 44.03
F1 59.01 48.73 59.31 60.01
ACC 69. 40 71.51 77.30 77. 46
NMI 60.51 59.57 66. 56 67.50

AMAP
ARI 50. 56 52.76 57.88 58.27
F1 63.51 63.90 71.28 72. 14
ACC 70.08 74.12 69.69 75.27
NMI 49.03 51.06 47.68 50.57

BAT
ARI 41.17 47.46 39.98 47.76
F1 69.77 73.31 69.38 75.01
ACC 54,11 54.56 55.94 57. 64
NMI 31.46 30. 24 33.31 33.59

EAT
ARI 25.45 26. 38 25.82 27.55
F1 51.91 52.13 56.28 57.37
ACC 47.97 49.75 49. 33 55.95
NMI 20.53 18.63 22.36 27.55

UAT
ARI 10. 80 17.46 14,45 23.16
F1 45.12 47.81 49.50 55.65

GERIE AR SCHR T b B T AR A (B 0% R B 1R X L 2R

e R S BN SaR e S R O E S A LU E L RS RIS
F e S5 390 8k 2= ) v, O LA 20 26 Sk R A AR B9 D b 28 L 3o o
T AR AE B B Y Bh B 4 2 M 4 H L H% Mixup 51 A B 8]
WERFEAL S, S T 4R R T B O Pl bR A Y T R
A SOV A R B (R 0 32 A AR 2 L ORI EMA Y S
SR HB A 2 M0, A B B 4 o) T AT AR Y 9 R A (] i
BRI Gl B2 D BB 25 . A AR SR BT T — A
PR Loy STRE R L T T 2 > 65 LI RAT B9 — B0 DT i 20
AERY TR B AR e R R FI B RE T . 78 6 AT iz A
B R 4 b B S35 SRAIE W T AR SO TR AT AU

ARICOFE A ZATE T bR R Bt . ISR
PR T — o 47 3R L BIDRE A SRR AR B O R A P s 4 AT
TR Hob DR B4 O T0 MR B SRR AT 55 i M B AR R 7R
RN G DL AR i i A vl 3 AR B AR A . A AR S
B E B E L K EMA Y 7 308 TR 88 2 50, DR A5 AR
i Jo A ) DR 2 (ELRE Fh B 28 B B T 7 22— 2P R T

YR AR 7 TG A 5T B R D AR 4 B0 o R OROR PR Y R
RALSS P — TPk . B db AR SR AT 0 Kol 2 MU /N L R
FUASE 1 B dl A I 2 i vp 32 R DI 2 s 1) A ] L 9 3
FE . BRI L S Ao f B 5 o AR ) 3 5 D 36 N B R M A TR A g
e TR AR PRI T 32 Y BT D S ] AR K 2 — A A Y
W57 17

2 % X W

[1] HUANG Y J,CHEN M, ZHENG Y, et al. Text Classification
Based on Weakened Graph Convolutional Networks[ ]J]. Com-
puter Science,2023,50(S1):220700039-5.

[2] LIF.JIADL.YAO Y,et al. Graph Neural Network Few Shot



1 A b L 45 FE TR AL AR (B A9 R S BT X L SR AR ik

165

(3]

[4]

[6]

L7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Image Classification Network Based on Residual and Self-atten-
tion Mechanism [ J ]. Computer Science, 2023, 50 ( S1):
220500104-5.

YANG Y,ZHANG F,LI T R. Aspect-based Sentiment Analysis
Based on Dual-channel Graph Convolutional Network with Sen-
timent Knowledge[ J]. Computer Science,2023,50(5) :230-237.
WANG Y L.ZHANG F.,YU Z. et al. Aspect-level Sentiment
Classification Based on Interactive Attention and Graph Convo-
lutional Network[]]. Computer Science,2023,50(4) :196-203.
YANG X,LIU Y,ZHOU S,et al. Cluster-guided Contrastive
Graph Clustering Network[ C]// Proceedings of the AAAI Con-
ference on Artificial Intelligence. 2023:10834-10842.

XU D, CHENG W, LUO D, et al. Spatio-Temporal Attentive
RNN for Node Classification in Temporal Attributed Graphs
[C1/1JCAL 2019:3947-3953.

XIE J, GIRSHICK R, FARHADI A. Unsupervised Deep Em-
bedding for Clustering Analysis[ C]// International Conference
on Machine Learning. PMLR,2016:478-487.

YANG B,.FU X,SIDIROPOULOS N D,et al. Towards K-
means-friendly Spaces:Simultaneous Deep Learning and Cluste-
ring[ C] // International Conference on Machine Learning. PM-
LLR,2017.3861-3870.

WANG C, PAN S, LONG G, et al. Mgae: Marginalized Graph
Autoencoder for Graph Clustering[ C]// Proceedings of the 2017
ACM Conference on Information and Knowledge Management.
2017.:889-898.

PAN S,HU R,FUNG S, et al. Learning Graph Embedding with
Adversarial Training Methods[J]. IEEE Transactions on Cyber-
netics,2019,50(6) :2475-2487.

LI X,ZHANG H,ZHANG R. Adaptive Graph Auto-encoder for
General Data Clustering [ J ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence,2021,44(12):9725-9732.
ZHU Y,XU Y, YU F,et al. Graph Contrastive Learning with
Adaptive Augmentation[ C] // Proceedings of the Web Confe-
rence 2021, 2021:2069-2080.

LEE N,LEE J,PARK C. Augmentation-free Self-supervised
Learning on Graphs[ C] // Proceedings of the AAAI Conference
on Artificial Intelligence. 2022:7372-7380.

JIN W.LIU X,ZHAO X.,et
Learning for Graphs[]]. arXiv:2106.05470,2021.

PAN E,KANG Z. Multi-view Contrastive Graph Clustering[J].

al. Automated Self-Supervised

Advances in Neural Information ProcessingSystems, 2021, 34
2148-2159.

LIU Y, TU W,ZHOU S, et al. Deep Graph Clustering via Dual
Correlation Reduction[ C] // Proceedings of the AAAI Confe-
rence on Artificial Intelligence. 2022.:7603-7611.

YANG X, HU X,ZHOU S, et al. Interpolation-based Contras-
tive Learning for Few-label Semi-Supervised Learning[ ]]. IEEE
Transactions on Neural Networks and Learning Systems, 2024,
35(2):2054-2065.

GAO C,WANG X.HE X,et al. Graph Neural Networks for
Recommender System[ C] // Proceedings of the Fifteenth ACM
International Conference on Web Search and Data Mining. 2022 ;
1623-1625.

[19]

[20]

[21]

[22]

[23]

[24]

[26]

[27]

[28]

[29]

[30]

WANG C,PAN S,HU R,et al. Attributed Graph Clustering: A
Deep Attentional Embedding Approach[ C]// Proceedings of the
28th International Joint Conference on Artificial Intelligence.
2019:3670-3676.

VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
All You Need[]J]. Advances in Neural Information Processing
Systems»2017,30:1-11.

BO D,WANG X,SHI C,et al. Structural Deep Clustering Net-
work[ C] // Proceedings of the Web Conference 2020. 2020
1400-1410.

LIU Y,YANG X,ZHOU S,et al. Hard Sample Aware Network
for Contrastive Deep Graph Clustering[ C] // Proceedings of the
AAAI Conference on Artificial Intelligence. 2023:8914-8922.
HASSANI K,KHASAHMADI A H. Contrastive Multi-view
Representation Learning on Graphs[ CJ // International Confe-
rence on Machine Learning. PMLR.2020:4116-4126.

ZHAO H,YANG X,WANG Z,et al. Graph Debiased Contras-
tive Learning with Joint Representation Clustering[ C]//1JCAL
2021:3434-3440.

XIA W,WANG Q.GAO Q.et al. Self-consistent Contrastive
Attributed Graph Clustering with Pseudo-label Prompt [ ] ].
IEEE Transactions on Multimedia,2023,25:6665-6677.

CUI G,ZHOU J,YANG C, et al. Adaptive Graph Encoder for
Attributed Graph Embedding [ C] // Proceedings of the 26th
ACM SIGKDD International Conference on Knowledge Disco-
very & Data Mining. 2020:976-985.

WANG Y, WANG W, LIANG Y, et al. Mixup for Node and
Graph Classification[ C] // Proceedings of the Web Conference
2021.2021:3663-3674.

VERMA V,KAWAGUCHI K,LAMB A,et al. Interpolation
Consistency Training for Semi-Supervised Learning[]]. Neural
Networks,2022,145:90-106.

HE K,FAN H,WU Y,et al. Momentum Contrast for Unsuper-
vised Visual Representation Learning[ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2020:9729-9738.

PLUMMER M D.LOV’ASZ L. Matching theory[ M. Elsevier,
1986.

o
- oo
)

YANG Xihong. born in 1999, Ph.D can-
didate. His main research interests in-
clude self supervised graph representa-
Dt tion learning, recommendation system,

deep multi-view learning,etc.

ZHU En.born in 1976, professor, Ph.D
supervisor, is a senior member of CCF
(No. 16689D). His main research in-

terests include clustering, anomaly de-

tection, computer vision, medical image

analysis, etc.

(SR 4 - 4 SO



