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Semi-supervised Feature Selection and Clustering for Multi-view Data

Wang Jingqi, Xu Linli
(School of Computer Science and Technology, University of Science and Technology of China, Hefei, 230027, China)

Abstract: Lots of features in high-dimensional data are redundant or irrelevant. To tackle this problem,
the concept of feature selection is introduced. In the meantime, many problems in machine learning in-
volve examples that are naturally comprised of multiple views and with a limited number of labels. Multi-
view learning and semi-supervised learning become the hotspots in machine learning. Hence authors in-
vestigate how to select relevant features with minimum redundancy from multi-view data with a limited
number of labels, and propose a semi-supervised feature selection and clustering framework. To remove
redundant and irrelevant features, authors exploit relations among views and relations among features in
each view, and use a limited number of labeled data to help feature selection. The proposed framework in
multi-view datasets is systematically evalated, and the results demonstrate the effectiveness and potential
of the proposed method.
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Fig. 1 Different strategies for multi-view data
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Table 2 Multi-view clustering performance comparison measured by ACC with different feature selection algorithms

%

BIRE Digit 3-Source Movie ML Text Cora
LaplacianScore 45.95 18.93 16. 05 18. 00 14. 70
SPEC 34. 40 13.61 16. 21 20.42 19.61
MCFS 70.05 — 15.07 20.17 19. 35
sSelect 69.15 30. 18 15. 24 21.42 21. 60
mRMR 49,15 27.81 15. 40 23.67 22.23
MVEFS 38.10 26. 04 16. 69 21.67 15.51
wang_MVFS 68. 85 27.22 15. 56 19.92 18. 69
SSMVES 73.85 29.59 17.99 23.92 26. 26

All Features 71.05 25. 44 14.10 21. 33 25.26




AR F AT EIMBAREGFERHFELBERREL X 113

R3 BUAEREEHSUEREZE NMI LR

Table 3 Multi-view clustering performance comparison measured by NMI with different feature selection algorithms

%
Bds 4 Digit 3-Source Movie ML Text Cora
LaplacianScore 47.68 6.71 12.55 3.12 2.00
SPEC 31.08 4. 36 13.16 3.77 5.49
MCFS 62.51 — 12.23 4. 48 4.41
sSelect 60. 74 4.79 12. 46 6.07 12. 21
mRMR 46.11 7.11 18. 60 7.95 12.92
MVEFS 31.77 6.57 12. 20 6.41 3.06
wang_MVFS 60. 55 4. 36 11. 54 1.42 2.37
SSMVEFS 65. 86 7.41 13.92 5. 85 13.01
All Features 64. 26 4. 49 11.10 2.39 0.98
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Fig. 2 Single-view clustering performance comparison on Cora
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Table 4 Multi-view clustering performance comparison measured by ACC %
R4 Digit 3-Source Movie ML Text Cora
MVEFES 34. 30 24.26 12.28 32.50 19. 83

wang_MVFS 18.72 21.27 14.50 28. 83 28.21
SSMVES 68. 05 29.59 23.50 28.92 32.16
CMSC 71.05 25. 44 14. 10 21. 33 25.26

x5 ZUBEREE X NMIELE

Table S Multi-view clustering performance comparison measured by NMI %
B 42 Digit 3-Source Movie ML Text Cora
MVEFES 40. 68 6.32 0. 34 20. 30 12.63
wang_MVFS 18. 46 4.45 0.84 16. 20 22.05
SSMVES 73.82 6.38 25.33 21.93 22.66

CMSC 64. 26 4.49 11.10 2.39 0.98
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Fig. 3 Comparison of selected features vs. redundancy rate with SSMVFS/MVFS
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