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Unsupervised Multi-view Feature Selection Based on Similarity Matrix Learning and Matrix
Alignment

LI Bin and WAN Yuan
School of Science, Wuhan University of Technology.Wuhan 430070, China

Abstract Multi-view feature selection improves the efficiency of classification,clustering and other learning tasks by fusing infor-
mation from multiple views to obtain representative feature subsets. However, the features of different views that describe objects
are complex and interrelated. Simply searching subset of features from original space partly solves the problem of dimension,but
it barely obtains the latent structural information and association information among features. Besides.,using fixed similarity ma-
trix and projection matrix is prone to lose the correlation between different views. To solve these problems, an unsupervised
multi-view feature selection algorithm based on similarity matrix learning and matrix alignment(SMLMA)is proposed. Firstly, the
similarity matrix based on all views is constructed,and the consistent similarity matrix and projection matrix are obtained by mani-
fold learning,to explore and reserve the structural information of data to the greatest extent. Then,the matrix alignment method
is used to maximize the correlation between the similarity matrix and the kernel matrix,for the purpose of using the correlation
between different views and reducing the information redundancy of feature subset. Finally,the Armijo searching method is intro-
duced to obtain the convergence result quickly. Experimental results on four datasets(Caltech-7, NUS-WIDE-OB], Toy Animal
and MSRC-v1)show that,compared with single view feature selection and some multi-view feature selection methods.the accura-
cy of SMLMA is averagely improved by about 7. 54 %. The proposed algorithm well retains the structural information of data and
the correlation between multi-view features,and captures more high-quality features.

Keywords Multi-view, Unsupervised, Feature selection,Similarity matrix, Matrix alignment
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Fig.3 Clustering accuracy(ACC) of feature selection by different methods on different datasets
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Table 2 ACC comparison of features selected by different methods on Caltech-7 and NUS-WIDE-OB] datasets

Dataset Caltech-7
d 50 100 150 200 250 300 350 400 450 500
SMLMA 0.5398 0.5413 0.5512 0.5536 0.5541 0.5543 0.5596 0.5632 0.5648 0.5654
NSGL 0.5462 0.5627 0.5631 0.5632 0.5633 0.5635 0.5587 0.5585 0.5432 0.5386
CRV-DCL 0.5365 0.5405 0.5510 0.5533 0.5535 0.5536 0.5587 0.5586 0.5631 0.5634
ASVW 0.5359 0.5391 0.5456 0.5532 0.5528 0.5465 0.5489 0.5458 0.5568 0.5586
AUMEFS 0.4928 0.4932 0.4989 0.5160 0.5216 0.5232 0.5228 0.5298 0.5331 0.5333
SPEC 0.4562 0.4571 0.4571 0.4572 0.4568 0.4569 0.4568 0.4568 0.4569 0.4575
LS 0.4559 0.4562 0.4560 0.4562 0.4565 0.4570 0.4566 0.4568 0.4575 0.4581
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Dataset NUS-WIDE-OB]J
d 50 100 150 200 250 300 350 400 450 500
SMLMA 0.5132 0.5156 0.5289 0.5465 0.5456 0.5365 0.5538 0.5678 0.5733 0.5791
NSGL 0.4835 0. 4954 0.4965 0.4989 0.5125 0.5235 0.5468 0.5589 0.5672 0.5692
CRV-DCL 0.4969 0.5036 0.5171 0.5373 0.5435 0.5465 0.5481 0.5571 0.5589 0.5686
ASVW 0.4968 0.5035 0.5169 0.5363 0.5431 0.5554 0.5498 0.5468 0.5675 0.5789
AUMFS 0.4167 0.4178 0.4217 0.4256 0.4316 0.4365 0.4486 0.4557 0.4632 0.4684
SPEC 0.4269 0.4285 0.4313 0.4375 0.4365 0.4358 0.4413 0.4432 0.4433 0.4435
LS 0.4321 0.4323 0.4389 0.4436 0.4439 0.4378 0.4431 0.4356 0.4435 0.4469
#* 3 AR JBAE Toy Animal Fl MSRC-v1 il 8 b XT84 i R AE #E 47 28 19 ACC L3
Table 3 ACC comparison of features selected by different methods on Toy Animal and MSRC-v1 datasets
Dataset Toy Animal
d 50 100 150 200 250 300 350 400 450 500
SMLMA 0.2538 0.2654 0.2764 0.2798 0.2799 0.2890 0.3125 0.3256 0.3380 0.3400
NSGL 0.2537 0.2655 0.2689 0.2731 0.2803 0.2856 0.3134 0.3365 0.3218 0.3149
CRV-DCL 0.2498 0.2586 0.2621 0.2689 0.2735 0.2799 0.3058 0.3159 0.3371 0.3395
ASVW 0.2488 0.2536 0.2579 0.2654 0.2699 0.2756 0.2906 0.3089 0.3256 0.3315
AUMFS 0.2138 0.2208 0.2296 0.2345 0.2567 0.2732 0.2897 0.3048 0.3186 0.3251
SPEC 0.1025 0.1156 0.1289 0.1456 0.1532 0.1635 0.1689 0.1736 0.1855 0.1906
LS 0.1205 0.1258 0.1323 0.1421 0.1489 0.1525 0.1631 0.1756 0.1855 0.1931
Dataset MSRC-v1
d 50 100 150 200 250 300 350 400 450 500
SMLMA 0.6235 0.6325 0.6258 0.6154 0.6058 0.5960 0.5845 0.5762 0.5689 0.5436
NSGL 0.6189 0.6238 0.6386 0.6254 0.6159 0.6218 0.6259 0.6263 0.6268 0.6221
CRV-DCL 0.6138 0.6216 .6358 0.6121 0.5989 0.5879 0.5831 0.5689 0.5576 0.5532
ASVW 0.6128 0.6213 0.6352 0.6025 0.5987 0.5862 0.5463 0.5489 0.5536 0.5213
AUMFS 0.5891 0.5985 0.6021 0.5908 0.5706 0.5668 0.5765 0.5325 0.5524 0.5468
SPEC 0.4325 0.4536 0.4685 0.4762 0.4735 0.4698 0.4735 0.4836 0.4823 0.4789
LS 0.4756 0.4825 0.4860 0.4835 0.4756 0.4789 0.4830 0.4958 0.4898 0.4823
F 4 HIARFT EAE Caltech-7 Fl NUS-WIDE-OBJ 4 45 | % 26 £ A9 450 4F HE AT B2 50 NMI B4
Table 4 NMI comparison of features selected by different methods on Caltech-7 and NUS-WIDE-OB] datasets
Dataset Caltech-7
d 50 100 150 200 250 300 350 400 450 500
SMLMA 0.5836 0.5875 0.5989 0.5996 0.6153 0.6235 0.6346 0.6432 0.6453 0.6482
NSGL 0.6587 0.6609 0.6588 0.6579 0.6362 0.6903 0.6635 0.6336 0.6363 0.6532
CRV-DCL 0.4672 0.4712 0.4756 0.4832 0.4889 0.4956 0.5125 0.5236 0.5276 0.5295
ASVW 0.4451 0.4486 0.4531 0.4568 0.4632 0.4687 0.4754 0.4793 0.4823 0.4832
AUMFS 0.5318 0.5339 0.4832 0.3842 0.5325 0.5690 0.5416 0.5187 0.5265 0.5505
SPEC 0.1136 0.1145 0.1165 0.1189 0.1232 0.1246 0.1286 0.1309 0.1319 0.1328
LS 0.2538 0.2562 0.2589 0.2631 0.2646 0.2658 0.2675 0.2686 0.2701 0.2724
Dataset NUS-WIDE-OB]J
d 50 100 150 200 250 300 350 400 450 500
SMLMA 0.1969 0.1976 0.1983 0.1987 0.1989 0.1991 0.1993 0.1998 0.2012 0.2016
NSGL 0.1968 0.1972 0.1974 0.1981 0.1983 0.1988 0.1996 0.2003 0.2009 0.2011
CRV-DCL 0.1953 0.1959 0.1965 0.1967 0.1974 0.1973 0.1978 0.1986 0.1993 0.1998
ASVW 0.1667 0.1672 0.1676 0.1677 0.1678 0.1681 0.1685 0.1689 0.1695 0.1708
AUMFS 0.1535 0.1542 0.1568 0.1572 0.1576 0.1581 0.1586 0.1593 0.1598 0.1613
SPEC 0.1263 0.1268 0.1272 0.1275 0.1279 0.1281 0.1286 0.1292 0.1298 0.1305
LS 0.1196 0.1198 0.1206 0.1211 0.1215 0.1219 0.1223 0.1226 0.1229 0.1231
*5 A AL Toy Animal Rl MSRC-v1 84 45 b %t 6 £ (19 5 AF R 47 28 09 NMI L4
Table 5 NMI comparison of features selected by different methods on Toy Animal and MSRC-v1 datasets
Dataset Toy Animal
d 50 100 150 200 250 300 350 400 450 500
SMLMA 0.1895 0.1899 0.1903 0.1906 0.1908 0.1912 0.1917 0.1921 0.1924 0.1925
NSGL 0.1893 0.1895 0.1896 0.1899 0.1902 0.1905 0.1913 0.1914 0.1918 0.1924
CRV-DCL 0.1633 0.1638 0.1643 0.1645 0.1649 0.1651 0.1657 0.1659 0.1663 0.1669
ASVW 0.1532 0.1536 0.1542 0.1548 0.1552 0.1559 0.1561 0.1563 0.1568 0.1572
AUMFS 0.1412 0.1425 0.1429 0.1431 0.1433 0.1435 0.1439 0.1442 0.1449 0.1450
SPEC 0.1112 0.1113 0.1116 0.1121 0.1126 0.1131 0.1138 0.1141 0.1143 0.1147
LS 0.1089 0.1095 0.1098 0.1102 0.1109 0.1115 0.1119 0.1126 0.1131 0.1133
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Dataset MSRC-v1
d 50 100 150 200 250 300 350 400 150 500
SMLMA 0.6328 0.6415 0.6559 0.6678 0.6823 0.6989 0.7643 0.7512 0.7452 0.7498
NSGL 0.2563 0.2557 0.2854 0.3046 0.3564 0.3843 0.3945 0.4125 0.4587 0.4999
CRV-DCL 0.6386 0.6457 0.6539 0.6745 0.6823 0.6987 0.7542 0.7436 0.7324 0.7472
ASVW 0.6079 0.6125 0.6258 0.6387 0.6281 0.6578 0.6871 0.6635 0.6987 0.7001
AUMFS 0.2815 0.2810 0.2965 0.3143 0.3154 0.2833 0.2896 0.2952 0.2968 0.3048
SPEC 0.3133 0.3256 0.3387 0.3456 0.3589 0.3648 0.3799 0.3897 0.4123 0.4215
LS 0.4721 0.4786 0.4831 0.4897 0.4932 0.5064 0.5125 0.5236 0.5568 0.5686
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