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Cross-view Consistent Representation for Multi-view Attribute Graph
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Abstract: Aiming at the two problems of view embedding representations in GCN-based multi-view clustering algorithms: insuffi-
cient cross-view feature consistency and insufficient cross-view clustering consistency, this paper proposes a multi-view attribute
graph clustering algorithm (CCRAGC) with cross-view consistent representations. The algorithm strengthens the feature-level con-
sistency between view-embedded representations by calculating the node similarity matrix between views, and then constraining the
node similarity matrix to approximate the unit matrix; at the same time, it maps the view-embedded representations to the clustering-
level subspaces, so that the soft-label matrices in the subspaces are as similar as possible to a way of enhancing the learning of view-
embedded representations and correlation of clustering tasks. The results of the study show that CCRAGC is effective for three wide-
ly used datasets, namely ACM, DBLP, and IMDB, and Acc improves by 1.21%, 0.37%, and 5.74%, respectively, with respect to the
benchmark algorithm with the best performance.
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Table 1 Experimental datasets
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Table 2  Clustering results on ACM dataset

Ak Acc F1 NMI ARI
LINE 0.647 9 0.659 4 0.3941 0.3433
GAE 0.8216 0.8225 0.4914 0.544 4
MNE 0.6370 0.647 9 0.299 9 0.248 6
PMNE(n) 0.693 6 0.6955 0.464 8 0.430 2
PMNE(r) 0.649 2 0.6618 0.406 3 0.3453
PMNE(c) 0.699 8 0.700 3 04775 0.443 1
RMSC 0.6315 0.574 6 0.397 3 0.3312
PwMC 0.416 2 0.378 3 0.0332 0.0395
SwMC 0.3831 0.470 9 0.083 8 0.0187
02MA 0.888 0 0.889 4 0.6515 0.698 7
02MAC 0.904 2 0.905 3 0.692 3 0.739 4
CMGEC 0.908 9 0.907 2 0.690 9 0.7232
CCRAGC 09210 0.9218 0.7353 0.7815

®3 FEDBLP##EE LHRELR
Table 3 Clustering results on DBLP dataset

ER7S Acc Fl1 NMI ARI
LINE 0.868 9 0.854 6 0.667 6 0.698 8
GAE 0.8859 0.874 3 0.692 5 0.7410
MNE — — — —
PMNE(n) 0.792 5 0.796 6 0.591 4 0.526 5
PMNE(r) 0.3835 0.368 8 0.087 2 0.068 9
PMNE(c) — — — —
RMSC 0.899 4 0.824 8 0.7111 0.764 7
PwMC 0.3253 0.2808 0.0190 0.0159
SwMC 0.6538 0.560 2 0.376 0 0.3800
0O2MA 0.904 0 0.897 6 0.7257 0.770 5
02MAC 0.907 4 0.901 3 0.728 7 0.778 0
CMGEC 0.9103 0.904 2 0.7237 0.7859
CCRAGC 09140 0.905 3 0.7520 0.799 1

"SR A A PR R R A

MR 2—F 47 DLW g B - A = A B 4R
|, CCRAGC 7£ Acc . F1 .NMI F1 ARI P44~ 48 #r
LA T RS, U LS REUET
CCRAGC L ikt . PRt Z 4, i 0l DhAg
FIPLUR AR5

(1) M & F 5 0 B R 26 7 2k (LINE
GAE) , CCRAGC | ] Z 4> SBHE 56 B, A [R] 1Y
TR PO W RRAE R T Ak
INTE R ISAT 55 A b

R4 FEIMDB#HELE Lo RELR
Table 4 Clustering results on IMDB dataset

GRS Acc F1 NMI ARI
LINE 04268 02870  0.0031 —0.0090
GAE 04298 04062  0.0402 0.047 3
MNE 0.3958  0.3316  0.0017 0.000 8
PMNE(n) 04958  0.3906  0.0359 0.036 6
PMNE(r) 04697 03183  0.0014 0.0115
PMNE(c) 04719 03882  0.0285 0.028 4
RMSC 02702 03775  0.0054 0.0018
PwMC 0.2453 03164  0.0023 0.0017
SwMC 02671 03714  0.0056 0.000 4
02MA 04697 04229  0.0524 0.075 3
O2MAC 04502 04159  0.0421 0.056 4
CMGEC 04844 05101  0.0514 0.046 9
CCRAGC  0.5532 04442  0.0610 0.103 1

(2) M F 2 M E Kk A7 (MNE,
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FoR ) B R

(3)MI# T 3T GCN Y £ 0L 1K Ja 1 & 3R 2
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FH R AE 9 — S0ME AT HOR i 20 8] 22 18] 19 45 B 38
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T — 20 X TR A e R AR LR AR )
)22 5 M, DT O B TR SR R T SRR 1R
R AR PR, 8] I, CCRAGC 16 F) FH #% 9% —
P AR B St TR T R IE e T 2 2T 5 40 AR 2
Pl N R e VNN TR G X R NiE TN
Fon NS 5 B SRR AE 41 e R
HAT 55 b 0B R R . DR A A T
CMGEC £ %1 , CCRAGC #] i 13 & 71 /L 1 25 ¥
o TS AT 2% 2 B AL, 3k 22 90 B G ik A 2R FE
il 1 2k i v R LR AR e R AT 55 T R
by 3 B X AN T 00 P& 08 56 12

(4) % T ACM %4l %, 5 K = E A5 L,
CCRAGC 7E Acc . F1 .NMI . ARI P4 4> ¥ # 45 45
R E T 1.21% . 1.46% . 4.3% .4.21% o X
T DBLP %t #4845 , 5 K & {8 48 [k, CCRAGC 7
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Acc . F1 . NMI ., ARI U 4~ PEAr 48 5 b 53 500 $2 &
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3.6 HERSEIS
AR 3 2o 7 fl S 5 o — 25 UE B R AR S — B
PE R L FFE P — BOME R Lo 19 RL
PE, SR A5 R 3 AR . (a) B (¢) 4 51 b 78
ACM ., DBLP | IMDB = 4~ % 4% & | 1 3 2 4%
Feo B A AR R B A58 B/ 6 R ]
R O A TR 2 AR 2 Y B U - CCRAGCo
F IR WA Liwwe M Lowe 29 W ) CCRAGC;
CCRAGC——c¢ £ /R EA Liwwe 29 1) CCRAGC 5
CCRAGCH £ /R % A Lawe 20 H ) CCRAGC ;
CCRAGC 2R [A] I A8 L e FH L er YR HY

M 3 7] LWL %€ 3 CCRAGC-o 1y B 25 1k
fiE f A% , 76 CCRAGC-o Y JE Al [, 7 fin 4% fF 2%
— BPE B R L BOE R — B R Lo 7B
A LT CCRAGC-o B9 2 MEfE , FRAE 9 — X
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Fig. 2 Visualization of different iterations of the CCRAGC algorithm on the ACM dataset
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Fig. 3 Comparison of clustering performances of CCRAGC and its variants on three datasets
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Fig. 4 Sensitivity analysis of hyperparameters @ and 5 on ACM and IMDB datasets



WRIGE LA « B L A — B R i 2L IR P TR 2R 2 931

DBLP 1 IMDB =/~ " 3Z i F 0 % 4l 45 L X 42
R B CCRAGC #E AT T 52588 , IEB T
CCRAGC B LM A &tk . R, Frig i m
BRI AR — e n] Dokt ey, BT R
BLIE T 0w R, HER Y A O RO
AW SR, B0 S v i 1 B T e EL A I
ks, i an sh A A A AE L BRI R T R
W ERY R R E SRR
S G R R R AR TR A Y TAE .

S 3k :

(1

(2]

B3]

(4]

(3]

(6]

(7]

(8]

(9]

XIE J 'Y, GIRSHICK R, FARHADI A. Unsupervised Deep
Embedding for Clustering Analysis[C]//Proceedings of the
33rd International Conference on International Conference
on Machine Learning-Volume 48. New York: ACM, 2016:
478-487. DOI: 10.5555/3045390.3045442.

GUO X F, GAO L, LIU X W, et al. Improved Deep Em-
bedded Clustering with Local Structure Preservation[C]//
Proceedings of the 26th International Joint Conference on
Artificial Intelligence. New York: ACM, 2017: 1753-1759.
DOI: 10.5555/3172077.3172131.

LIZY, WANG Q Q, TAO Z Q, et al. Deep Adversarial Multi-
view Clustering Network[C]//Proceedings of the 28th In-
ternational Joint Conference on Artificial Intelligence. New
York: ACM, 2019: 2952-2958. DOI: 10.5555/
3367243.3367449.

XUJ,RENY Z, LI GF, et al. Deep Embedded Multi-view
Clustering with Collaborative Training[J]. Inform Sciences,
2021, 573: 279-290. DOI: 10.1016/.in5.2020.12.073.
XU J, TANG HY, REN Y Z, et al. Multi-level Feature
Learning for Contrastive Multi-view Clustering[C]//2022
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). New York: IEEE, 2022: 16030-
16039. DOI: 10.1109/CVPR52688.2022.01558.

TANG X L, TANG X, WANG W L, ef al. Deep Multi-view
Sparse Subspace Clustering[C]//Proceedings of the 2018
VII International Conference on Network, Communication
and Computing. New York: ACM, 2018: 115-119. DOI:
10.1145/3301326.3301391.

ANDREW G, ARORA R, BILMES J, ef al. Deep Canonical
Correlation Analysis[J]. 30tk Int Conf Mach Learn ICML
2013, 2013(PART 3): 2284-2292.

ZHU P F, HUI BY, ZHANG C Q, et al. Multi-view Deep
Subspace Clustering Networks[J]. IEEE Trans Cybern,
2024,54(7):4280-4293. DOI: 10.1109/TCYB.2024.3372309.
WANG J, WU B, REN Z W, et al. Multi-scale Deep Multi-

view Subspace Clustering with Self-weighting Fusion and

[10]

(1]

[12]

[13]

[15]

[16]

[17]

(18]

[19]

(20]

(21]

Structure Preserving[J]. Expert Syst Appl, 2023, 213:
119031. DOI: 10.1016/j.eswa.2022.119031.
LIU J, CAO F Y, JING X C, et al. Deep Multi-view Graph
Clustering Network with Weighting Mechanism and
Collaborative Training[J]. Expert Syst Appl, 2024, 236:
121298. DOI: 10.1016/j.eswa.2023.121298.
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 Joint
Conference on Artificial Intelligence. New York: ACM,
2021:2973-2979. DOI: 10.5555/3491440.3491851.
FAN S H, WANG X, SHI C, et al. One2Multi Graph
Autoencoder for Multi-view Graph Clustering[C]//Pro-
ceedings of The Web Conference 2020. New York: ACM,
2020: 3070-3076. DOI: 10.1145/3366423.3380079.
WANG Y M, CHANG D X, FU Z Q, et al. Consistent
Multiple Graph Embedding for Multi-view Clustering[J].
IEEE Trans Multimed, 1008, 25: 1008-1018. DOI:
10.1109/TMM.2021.3136098.
BO D Y, WANG X, SHI C, et al. Structural Deep Clus-
tering Network[C]//Proceedings of The Web Conference
2020. New York: ACM, 2020: 1400-1410. DOI: 10.1145/
3366423.3380214.
TU W X, ZHOU S H, LIU X W, et al. Deep Fusion
Clustering Network[J]. Proc AAAI Conf Artif Intell, 2021,
35(11): 9978-9987. DOI: 10.1609/aaai.v35i11.17198.
RAHMAN M K, AGRAWAL A, AZAD A. MarkovGNN:
Graph Neural Networks on Markov Diffusion[C]//Pro-
ceedings of the Web Conference 2022. New York: ACM,
2022: 1019-1029. DOI: 10.1145/3487553.3524713.
KIPF T N, WELLING M. Semi-supervised Classifica-
tion with Graph Convolutional Networks[EB/OL].
(2016-09-09) [2025-01-07]. https://doi. org/10.48550/
arXiv.1609.02907.
TANG J, QU M, WANG M Z, et al. LINE: Large-scale
Information Network Embedding[C]//Proceedings of
the 24th International Conference on World Wide Web.
New York: ACM, 2015: 1067-1077. DOI: 10.1145/
2736277.2741093.
KIPF TN, WELLING M. Variational Graph Autoen-
coders[EB/OL]. (2016-11-21)[2025-01-07]. https://doi.
org/10.48550/arXiv.1611.07308.
ZHANG HM, QIU L W, YI L L, ef al. Scalable Multi-
plex Network Embedding[C]//Proceedings of the 27th
International Joint Conference on Artificial Intelligence.
New York: ACM, 2018: 3082-3088. DOI: 10.5555/
3304889.3305089.
LIU WY, CHEN PY, YEUNG S, et al. Principled Multi-



932

PR AE2A4R (FARBEARR)

48(5) 2025

[22]

(23]

layer Network Embedding[C]//2017 IEEE International
Conference on Data Mining Workshops (ICDMW).
New York: IEEE, 2017: 134-141. DOI: 10.1109/
ICDMW.2017.23.

XIAR K, PANY, DU L, ef al. Robust Multi-view Spectral
Clustering via Low-rank and Sparse Decomposition[C]//
Proceedings of the Twenty—Eighth AAAI Conference on
Artificial Intelligence. New York: ACM, 2014: 2149-2155.
DOI: 10.5555/2892753.2892850.

NIE F P, LI J, LI X L. Self-weighted Multiview Cluster-
ing with Multiple Graphs[C]//Proceedings of the 26th
International Joint Conference on Artificial Intelligence.
New York: ACM, 2017: 2564-2570. DOI: 10.5555/
3172077.3172245.

[24]

[25]

[26]

LIANG J Y, BAI L, DANG CY, et al. The $K$-means-
type Algorithms Versus Imbalanced Data Distributions[J].
IEEE Trans Fuzzy Syst, 2012, 20(4): 728-745. DOI:
10.1109/TFUZZ.2011.2182354.

BOUYER A, ROGHANI H. LSMD: A Fast and Robust
Local Community Detection Starting from Low Degree
Nodes in Social Networks[J]. Future Gener Comput Syst,
2020, 113: 41-57. DOI: 10.1016/j.future.2020.07.011.
STREHL A, GHOSH J. Cluster Ensembles-A Knowledge
Reuse Framework for Combining Multiple Partitions[J].
J Mach Learn Res, 2002, 3: 583-617. DOI: 10.1162/
153244303321897735.

VAN DER MAATEN L, HINTON G. Visualizing Data
Using t-SNE[J]. J Mach Learn Res, 2008, 9: 2579-2605.



