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Multi-view Consistency Learning with Block Diagonal Guidance
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(1. School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China; 2. School
of Information Engineering, Guangzhou Panyu Polytechnic, Guangzhou 511483, China)
Abstract: Graph-based multi-view clustering methods are widely explored. However, there are still two problems
with existing methods: 1) Although some methods divide the similarity matrix into a consistency matrix and an
inconsistency matrix, it is difficult to deal with the consistency information that has been misclassified in the
inconsistency matrix, resulting in insufficient extraction of the valid information; and 2) Although some methods
obtain a unified similarity matrix with a block diagonal structure, they do not remove redundancy information from
the unified similarity matrix. To address these two issues, this paper proposes a Multi-view Consistency Learning
with Block Diagonal Guidance (MCLBDG) method. First, we obtain a similarity matrix for each view via low rank
representation and adaptive neighborhood. Second, we divide the similarity matrix of each view into a consistency
matrix and an inconsistency matrix. The inconsistency part of different views is sieved via Hadamard product.
During iterations, the misclassified consistency part can be gradually extracted from the inconsistency information.
In addition, block diagonal guidance is proposed to remove the redundancy information in the unified similarity
matrix as much as possible, which reduces the interference of extra-cluster samples. Finally, spectral clustering is
incorporated into the model to obtain clustering results directly. Comparative experimental results on the commonly

used datasets demonstrate the superiority of the method over the existing methods.
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Table 3 Clustering performance on the 3sources dataset %
Method NMI ACC Purity ARI F-score
MVGL 61.75(0.00) 75.74(0.00) 79.29(0.00) 53.83(0.00) 66.64(0.00)
MCGC 24.10(0.00) 50.30(0.00) 56.21(0.00) 12.07(0.00) 41.33(0.00)
LALMVC 68.02(0.00) 81.66(0.00) 81.66(0.00) 65.56(0.00) 73.50(0.00)
CGD 70.62(0.00) 79.17(0.00) 84.50(0.00) 63.71(0.00) 73.03(0.00)
AwSCGLD 57.34(0.00) 56.81(0.00) 73.37(0.00) 41.86(0.00) 53.99(0.00)
MUGC-BD 76.10(1.50) 83.43(3.15) 87.04(2.06) 71.81(4.74) 77.97(3.72)
SGF 72.38(0.00) 76.33(0.00) 83.43(0.00) 62.05(0.00) 70.94(0.00)
DGF 72.55(0.00) 77.52(0.00) 84.62(0.00) 68.94(0.00) 75.95(0.00)
MCLBDG 80.77(0.00) 84.32(0.00) 86.98(0.00) 72.85(0.00) 79.92(0.00)
%% 4 BBCSportdv IR MERE
Table 4 Clustering performance on the BBCSport4v dataset %
Method NMI ACC Purity ARI F-score
MVGL 65.51(0.00) 70.69(0.00) 80.17(0.00) 45.85(0.00) 59.41(0.00)
MCGC 21.52(0.00) 47.41(0.00) 51.72(0.00) 8.90(0.00) 39.16(0.00)
LALMVC 85.02(0.00) 94.83(0.00) 94.83(0.00) 84.83(0.00) 88.51(0.00)
CGD 78.46(0.60) 88.79(0.27) 89.66(0.27) 79.93(0.76) 84.90(0.57)
AwSCGLD 79.60(0.00) 84.48(0.00) 91.38(0.00) 75.51(0.00) 81.22(0.00)
MUGC-BD 82.74(0.66) 89.66(0.19) 90.52(0.19) 81.60(0.48) 86.13(0.34)
SGF 80.20(0.00) 81.03(0.00) 92.24(0.00) 78.95(0.00) 83.88(0.00)
DGF 79.60(0.00) 82.76(0.00) 91.38(0.00) 75.51(0.00) 81.22(0.00)
MCLBDG 91.83(0.00) 96.55(0.00) 96.55(0.00) 92.81(0.00) 94.51(0.00)
5 Newsgroup - [f1 5 1 A
Table 5 Clustering performance on the Newsgroup dataset %
Method NMI ACC Purity ARI F-score
MVGL 86.30(0.00) 94.60(0.00) 94.60(0.00) 86.80(0.00) 89.44(0.00)
MCGC 10.46(0.00) 30.20(0.00) 34.20(0.00) 4.09(0.00) 32.93(0.00)
LALMVC 85.46(0.00) 94.80(0.00) 94.80(0.00) 87.58(0.00) 90.05(0.00)
CGD 95.82(0.11) 98.80(0.00) 98.80(0.00) 97.00(0.06) 97.60(0.05)
AwSCGLD 91.21(0.17) 97.20(0.10) 97.20(0.10) 93.15(0.22) 94.51(0.18)
MUGC-BD 95.30(0.80) 98.60(0.09) 98.60(0.09) 96.52(0.33) 97.21(0.24)
SGF 93.63(0.00) 98.00(0.00) 98.00(0.00) 95.07(0.00) 96.05(0.00)
DGF 92.24(0.00) 97.60(0.00) 97.60(0.00) 94.09(0.00) 95.27(0.00)
MCLBDG 96.69(0.91) 99.00(0.28) 99.00(0.28) 97.51(0.69) 98.00(0.56)
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FEH 1S B 22 5] L R G i R 2R = AN D R AR
b, INTTARAS BE T SE I B ORI A5 A

(5) T2 8% 21 JELALMV CAE S 2 3sources
BBCSport4v. Reuters 1 Washington_F # AL T K5 ]
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Table 6 Clustering performance on the Reuters dataset %

Method NMI ACC Purity ARI F-score
MVGL 9.23(0.00) 21.75(0.00) 25.42(0.00) 1.33(0.00) 28.58(0.00)
MCGC 8.93(0.00) 26.25(0.00) 29.42(0.00) 3.34(0.00) 28.48(0.00)
LALMVC 21.35(0.02) 40.75(0.08) 44.67(0.03) 15.58(0.03) 33.39(0.06)
CGD 10.89(0.00) 23.42(0.00) 27.00(0.00) 1.68(0.00) 28.67(0.00)
AwSCGLD 12.25(0.00) 29.67(0.00) 32.17(0.00) 4.45(0.00) 29.17(0.00)
MUGC-BD 10.58(0.02) 23.50(0.00) 24.58(0.00) 1.12(0.00) 28.27(0.00)
SGF 15.03(0.00) 30.08(0.00) 34.42(0.00) 6.57(0.00) 29.51(0.00)
DGF 16.36(0.08) 32.08(0.11) 36.00(0.05) 9.04(0.15) 30.54(0.01)
MCLBDG 28.62(0.00) 42.33(0.00) 44.75(0.00) 15.71(0.00) 34.64(0.00)

% 7 Washington_I- ft 5 214 B
Table 7 Clustering performance on the Washington dataset %

Method NMI ACC Purity ARI F-score
MVGL 28.08(0.00) 60.44(0.00) 68.70(0.00) 24.82(0.00) 55.75(0.00)
MCGC 27.29(0.00) 60.44(0.00) 69.13(0.00) 34.27(0.00) 56.55(0.00)
LALMVC 35.72(0.00) 69.57(0.00) 71.74(0.00) 39.29(0.00) 62.53(0.00)
CGD 32.64(0.00) 69.13(0.00) 70.44(0.00) 40.06(0.00) 61.09(0.00)
AwSCGLD 38.97(0.42) 68.70(0.21) 73.04(0.21) 36.10(0.53) 61.50(0.27)
MUGC-BD 43.54(0.11) 70.87(0.29) 72.61(0.10) 47.82(1.93) 64.55(0.25)
SGF 32.69(0.04) 62.17(0.00) 70.87(0.00) 33.28(0.17) 57.01(0.07)
DGF 34.10(0.00) 62.61(0.00) 71.30(0.00) 34.55(0.00) 57.56(0.00)
MCLBDG 50.27(0.00) 75.22(0.00) 76.09(0.00) 52.83(0.00) 70.62(0.00)
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Fig.2 Convergence curves of the MCLBDG on the five datasets
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