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Abstract Multi-view attribute graph clustering can divide nodes of graph data with multiple views into different clusters, which
has attracted widespread attention from researchers in recent years. At present, many multi-view attribute graph clustering me-
thods based on graph neural networks have been proposed and achieved considerable clustering performance. However, since
graph neural networks are difficult to deal with graph noise that occurs during data collection,it is difficult for multi-view attri-
bute graph methods based on graph neural networks to further improve clustering performance. Therefore.a new multi-view at-
tribute graph clustering method based on contrastive consensus graph learning is proposed to reduce the impact of noise on clus-
tering and obtain better results. This method consists of four steps. First, graph filtering is used to remove noise on the graph
while retaining the intact graph structure. Then,a small number of nodes are selected to learn the consensus graph to reduce com-
putational complexity. Subsequently,graph contrast regularization is used to help learn the consensus graph. Finally,spectral clus-
tering is used to obtain clustering results. A large number of experimental results show that compared with the current state-of-
the-art methods, the proposed method can well reduce the impact of noise in graph data on clustering and achieve considerable
clustering results with fast execution efficiency.
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Require: Node attributes matrix X,adjacency matrix A,graph filtering
order k,weight parameters a»w,and cluster number g
Ensure: Cluster partition C

1. Perform graph filtering as Eq. (1).

Do

. Select m points according to imp(i) via Eq. (14).

w

. Denote the indexes of selected points as a set ind.

. Use the ind to choose m rows from X,,which is denoted as B, re-

e~

spectively.

. while convergence condition does not meet do

131

. Update matrix S in Eq. (8) via Adam;
. for each view do

. Update A" in Eq. (13).

© o =~ o

. end for

10. end while
A
11. S=S'S
A
12. Perform spectral clustering on S to get cluster partition C.
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Table 2 Clustering results of all baselines and our method on all datasets
ACM DBLP IMDB
Methods

ACC F1 NMI ARI ACC F1 NMI ARI ACC F1 NMI ARI
MNE 63.70 64.79 29.99 24. 86 — — — — 39.58 33.16 0.17 0.08
PMNE(n) 69. 36 69.55 46.48 43.02 79.25 79. 66 59. 14 52.65 49.58 39.06 3.59 3.66
PMNE(r) 64.92 66.18 40.63 34.53 38.35 36. 88 8.72 6. 89 46.97 31.83 0.14 1.15
PMNE(¢) 69.98 70.03 47.75 44,31 - - — — 47.19 38.82 2.85 2.84
RMSC 63.15 57.46 39.73 33.12 89. 94 82.48 71.11 76.47 27.02 37.75 0. 54 0.18
PwSC 41.62 37.83 3.32 3.95 32.53 28.08 1.90 1.59 24.53 31. 64 0.23 0.17
SwMC 38.31 47.09 8.38 1. 80 65.38 56.02 37.60 38.00 26.71 37.14 0.56 0. 04
HAN 88.23 88. 44 58.81 59.33 91. 14 90.78 78.59 81. 24 55.47 41.52 9. 86 8.56
O2MA 88. 80 88. 94 65.15 69. 87 90. 40 89.76 72.57 77.05 46.97 42.29 5.24 7.53
O2MAC 90. 42 90.53 69.23 73.94 90. 74 90.13 72.87 77.80 45.02 41.59 4.21 5. 64
MvAGC 89.75 89. 86 67.35 72.12 92.77 92.25 77.27 82.76 56.33 37.83 3.71 9.40
MCGC 91.47 91.55 71.26 76.27 92.98 92.52 83.02 77.46 61.82 44.01 11.49 18.33
SMC(k=1) 88. 49 88.56 63. 60 68.97 93.37 92.97 78.22 83. 86 54. 64 40.91 3.97 8.63
SMC(k=2) 88.63 88.69 63.97 69.29 93.47 93.04 78.62 84.21 56. 86 40.48 3.56 9.98
Ours 91. 82 90.92 71.69 74.57 93.94 93.39 77.87 84.47 57.13 45. 34 5.64 12.79
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Parameter analysis results on DBLP
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Fig. 2 Parameter analysis results on IMDB
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Table 3 Results of ablation experiments

Datasets Methods ACC F1 NMI ARI
base 91.82 90. 92 71.69 74.57

ACM without graph filter 89.21 89.35 69.48  72.38
without regularize 89.87  89.09 70.14  72.01

base 93.94 93. 39 77.87 84.47

DBLP without graph filter 91.71 91.21 75.52  82.48
without regularize 91.55 91.14 75.82 82.16

base 57.13 45. 34 5.64 12.79

IMDB without graph filter 54.62 42.65 4.66 10.58
without regularize 54.32  43.12 3.99 9.88
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Table 4 Time cost for clusting on three datasets

(s)
Methods ACM DBLP IMDB
MCGC 605. 2 1511.6 1612.3
Ours 21.3 34.5 55.3
BRAE ORSCIRI TP T X L SR A A 2 A e

PRI SR 2k, ) I T 32 99 SR g R X L I 0 A SR il 2% )
RGBS PANESE S = 4V N AR E s il b8 e r RN R EREp i
AT AL B, K 5 1 0 4 55 o 2 > SRR, 7 o) 3R
P B S B BRI T T S R Al > i R AR AR
I, TR A B B8 3 Hh A X b X DU A A% T RAAT RCER IR
2 ) B SL P B B . e R SR L T SR R B R 2K
g5, I RS AN S Y SRR S5 R A AT 0K I T %
LR . KRR LE P X — Bk M i 2 LR
P R L A SR

2 % X M

[1] LIN Z P,ZHAO K. Graph Filter-based M ulti-view Attributed
Graph Clustering[ C] // Proceedings of the International Joint
Conference on Artificial Intelligence. 2021:2723-2729.

[2] ZHANG Y R,CHEN E H,JIN B B, et al. Clustering based be-
havior sampling with long sequential data for CTR prediction
[C]// Proceedings of the 45th International ACM SIGIR Con-
ference on Research and Development in Information Retrieval.
2022:2195-2200.

[3] FAN S H,WANG X,SHI C,et al. One multi graph autoenco-
der for multi-view graph clustering[ C] // Proceedings of the Web
Conference 2020. 2020:3070-3076.

[4] CHENG]J] F,WANG Q Q,TAO Z Q;et al. Multi-view attribute
graph convolution networks for clustering[ C] // Proceedings of
the twenty-ninth International Conference on International Joint
Conference on Artificial Intelligence. 2021:2973-2979.

[5] PAN E,ZHAO K. Multi-view contrastive graph clustering[J].
Advances in Neural Information Processing Systems, 2021, 34:
2148-2159.

[6] CHENM S,LINJ Q.LI X L,et al. Representation learning in
multi-view clustering: A literature review[ ] ]. Data Science and

Engineering,2022,7(3) : 225-241.

7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

CHEN Y Y,XIAO X L,HUA Z Y,et al. Adaptive transition
probability matrix learning for multiview spectral clustering[ J].
IEEE Transactions on Neural Networks and Learning Systems.
2021,33(9) :4712-4726.

ZHANG P,LIU X W,XIONG J,et al.Consensus one-step
multi-view subspace clustering [ J |]. IEEE Transactions on
Knowledge and Data Engineering,2020,34(10) :4676-4689.
WANG S W,LIU X W,ZHU X Z,et al. Fast parameter-free
multi-view subspace clustering with consensus anchor guidance
[J]. IEEE Transactions on Image Processing,2021,31:556-568.
LIU S Y., WANG S W,ZHANG P,et al. Efficient one-pass
multi-view subspace clustering with consensus anchors[ C] //
Proceedings of the AAAI Conference on Artificial Intelligence.
2022:7576-7584.

CHEN Y Y,WANG S Q,PENG C,et al. Generalized nonconvex
low-rank tensor approximation for multi-view subspace cluste-
ring[ J ]. IEEE Transactions on Image Processing, 2021, 30:
4022-4035.

GAO Q X, XIA W,WAN Z Z, et al. Tensor-SVD based graph
learning for multi-view subspace clustering[ C]// Proceedings of
the AAAI Conference on Artificial Intelligence. 2020: 3930-
3937.

WANG X,JI H Y,SHI C,et al. Heterogeneous graph attention
network[ C] // Proceedings of the World Wide Web Conference.
2019:2022-2032.

LIU L,CHEN P,LUO G C,et al. Scalable multi-view clustering
with graph filtering[ J]. Neural Computing and Applications,
2022,34(19):16213-16221.

XUK Y L,HU W H, LESKOVEC J,et al. How powerful are
graph neural networks? [J]. arXiv:1810. 00826,2018.
COUTINO M,ELVIN I,AND GEERT L. Advances in distribu-
ted graph filtering[ J]. IEEE Transactions on Signal Processing,
2019,67(9):2320-2333.

ISUFI E.FERNANDO G,DAVID I,et al. Graph filters for sig-
nal processing and machine learning on graphs[J]. arXiv:2211.
08854,2022.

DONG X W, THANOU D, TONI L,et al. Graph signal proces-
sing for machine learning: A review and new perspectives[ ] ].
IEEE Signal Processing Magazine,2020,37(6) :117-127.
ZHANG X T,LIU H,LI Q M, et al. Attributed graph clustering
via adaptive graph convolution[J]. arXiv:1906. 01210,2019.
WANG B,CHEN Y,SHENG ] F,et al. Attributed Graph Em-
bedding Based on Attention with Cluster [ ] ]. Mathematics.,
2022,10(23) :4563.

WANG J,LI W X,HOU C Y,et al. HCL:Improving Graph
Representation with Hierarchical Contrastive Learning[C] //
Proceedings of the International Semantic Web Conference.
Springer.2022:108-124.

JIN M,ZHENG Y Z,L1 Y F,et al. Multi-scale contrastive sia-
mese networks for self-supervised graph representation learning
[J]. arXiv:2105. 05682,2021.

HASSANI K,AMIR H K. Contrastive multi-view representa-



80

Com puter Science

THEPLESE Vol. 51,No. 11, Nov. 2024

[24]

[25]

[26]

[27]

[28]

[29]

[30]

tion learning on graphs[ C] // Proceedings of the International
Conference on Machine Learning. PMLR,2020:4116-4126.

MA Z R,KANG Z,LUO G C,et al. Towards clustering-{riendly
representations: Subspace clustering via graph filtering[ C] //
Proceedings of the 28th ACM International Conference on Multi-
media. 2020:3081-3089.

KANG Z,LIN Z P,ZHU X F,et al. Structured graph learning
for scalable subspace clustering: From single view to multiview
[J]. IEEE Transactions on Cyberneticss 2021, 52 (9) ; 8976-
8986.

KANG Z,PAN H Q,CH HOI S, et al. Robust graph learning
from noisy data[ J ]. IEEE Transactions on Cybernetics, 2019,
50(5):1833-1843.

KANG Z,ZHOU W T,ZHAO Z T,et al. Large-scale multi-view
subspace clustering in linear time [ C] // Proceedings of the
AAAI Conference on Artificial Intelligence. 2020:4412-4419.
KINGMA D P,BA J. Adam: A method for stochastic optimiza-
tion[J7. arXiv:1412. 6980,2014.

ZHANG H M,QIU LL W,YI L L,et al. Scalable multiplex net-
work embedding [ C] // Proceedings of the International Joint
Conference on Artificial Intelligence. 2018:3082-3088.

LIU W Y,CHEN P Y,YEUNG S L,et al. Principled multilayer
network embedding[ CJ // Proceedings of the 2017 IEEE Interna-

[31]

[32]

tional Conference on Data Mining Workshops(ICDMW). IEEE,
2017.134-141.

XIA R K,PAN Y,DU L,et al. Robust multi-view spectral clus-
tering via low-rank and sparse decomposition[ C] // Proceedings
of the AAAI Conference on Artificial Intelligence. 2014.

NIE F P,LI J,LI X L. Self-weighted Multiview Clustering with
Multiple Graphs[ C] // Proceedings of the International Joint
Conference on Artificial Intelligence. 2017:2564-2570.

LIU Pengyi.born in 1999, postgraduate.
is a member of CCF(No. T3986G). His
main research interests include attribute
graph clustering and graph neural net-

work.

HU Jie, born in 1978, Ph. D, associate
professor,master supervisor,is a mem-
ber of CCF (No. D5539M). Her main
research interests include artificial in-
telligence, machine learning and data

mining.

(BEAT 2 3 - T 47D



