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Multi -label feature selection based on sparse coefficient matrix

reconstruction

LI Yong-Had”? HU Liang’® GAO WanFu"?
D(College of Computer Science and Technology, Jilin University, Changchun 130012)
2 (Key Laboratory of Symbolic Computation and Knowledge Engineering, Ministry of Education, Jilin University, Changchun

130012)

Abstract Dealing with complicated muHabel data is a challenging task for feature selection in
practical applications. However, tigeexist three unsolved issues in the existing Ahatiel
feature selection methods. First, previous rraltel feature selection methods either employ
instancelevel manifold regularization term to maintain the instance similarity or exploit the
correlaions among labels to guide feature selection process, however, both two are
complementary to each other in feature selection process. Second, existing methods explore label
correlations based on the affinity matrix of instance similarity, ignoring thewigaei label
correlations. Third, previous methods involve several unknown variables, which makes the
solution of the objective function difficult. To tackle the issues mentioned above, an empirical loss
function model is constructed based on the leastreqegression model. And then, we introduce
the label regularization term to exploit label correlations, meanwhile employing the product of
feature matrix and weight coefficient matrix to represent predicted labels so that the local
geometric structure afata set is stored. Finally, we integrate the terms mentioned above into one
joint learning framework. An effective optimization method with provable convergence is
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designed to solve our proposed method. In summary, the novelties and main contributims of
paper can be summarized as followlse proposed method uses the instdagel manifold
regularization term to maintain the instance similarity. At the same time, the proposed method
introduces labelevel manifold regularization term to exploit tlabel correlations. Moreover, the
proposed method can store the geometric structure of labels in the weight coefficient matrix and
employ the weight coefficient matrix to guide feature selection process, because the sparse
coefficient matrix can maintaimé geometric relationship between the data space and label space,
as well as the relationship between labels, the proposed method can obtain superior classification
ability on the test data set by using the sparse coefficient matrix that is learnedttsinting
process. Furthermore, the proposed method introduces theotm that integrates the advantages

of L;-norm and k-norm to select important features in each iteration. Finally, the proposed
method integrates all the above terms into one joimhieg framework and develops a method to
solve the constrained problem, .j.eregulating regression coefficient matrix based on
instancesimilarity and labekimilarity for multi-label feature selection that is named as RMLFS,
while an optimal scheme is signed. In addition, we can obtain a global optimal solution by this
learning framework because the objective function only incorporates one unknown variable unlike
other existing methods incorporate multiple unknown variables that lead to the locall optima
solution in most cases, and the objective function is a convex function. This method conducts
multiple evaluation criteria on thirteen benchmark data sets to show the superiority of the
proposed multlabel feature selection method. In order to verify thassification superiority of

the proposed method, numerous experiments are conducted on thirteen differefabeiuttata

sets. Eight competitive methods including MIFS, MDMR, SCLS, LRFS, mRMR, RASy
TRCFS and GMM are compared to the proposed ndetfibe extensive experimental results
show that the classification performance of the proposed RMLFS outperforms other compared
methods in these experiments.

Key words feature selection; multabel learning; manifold learning; sparse learning;
clasdfication
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MA " RMLFS TG T° 1a X -
" Ne AW - 0 Ea Y Ne ANe A
[ 0 (Arts, Education, - G
Entertain, Health, Recreation Society) A
Ne A 1-5 A
3.9 SVM 4 Micro-F1
Data sets MIES MDMR SCLS LRFS mMRMR RALM FS TRCES GMM RMLFS
Flags 0.72250.0499 0.649140.0425 0.674640.031 0.665940.0405 0.66514).0322 0.631540.0481 0.69551).0203 0.660310.0321 0.71360.0424
Arts 0.13914.0783 0.09464.0524 0.10640.046 0.104140.0448 0.25820.0576 0.10184).0607 0.2294.0917 0.04824).0259 0.25450.06
Education 0.07334.0587 0.1274.0811 0.073314.0593 0.14951.0806 0.23574.0576 0.19344).0558 0.21814.0956 0.05694.0415 0.2766.0548
Entertain 0.22784.1121 0.18981).0865 0.11324.0717 0.184310.0821 0.34451).0682 0.214340.1004 0.3314.0996 0.11634.0769 0.356.0869
Health 0.46814.0795 0.43464.0761 0.34514.0441 0.47544.037 0.53814).0682 0.515740.0439 0.52824).058 0.36184).0552 0.55946.0378
Recreation 0.25244).0698 0.03314.0382 0.06444.02 0.03924.0374 0.27451.0445 0.22794.0711 0.26784.0488 0.0074€.0108 0.28080.047
Reference 0.35931#).1046 0.35594).069 0.26614.0829 0.37684.0664 0.411440.0911 0.404240.1322 0.439140.0999 0.3054.0649 0.43960.0957
Science 0.12864).0569 0.12694.0743 0.03654.035 0.12864.0776 0.207140.0448 0.09694).0539 0.22494).0662 0.03684).032 0.23380.0537
Society 0.30014.0424 0.31914.0172 0.2164.028 0.3214.016 0.27084).0511 0.22314.0594 0.310640.0645 0.304140.0403 0.32210.0452
Genbase 0.971740.101 0.97854.0675 0.5414.0137 0.978514).0676 0.9937%0.0006 0.95824).1365 0.974840.0875 0.000040.0000 0.97114.1054
Medical 0.71494.1058 0.755640.0546 0.36974.0094 0.75674.0548 0.75724.0081 0.36324.1474 0.76130.1081 0.000040.0000 0.73724.1349
Enron 0.37234.0274 0.47394.0492 0.48844.0314 0.44574.0555 0.53460.0241 0.38914).0588 0.405140.0505 0.385#.0357 0.52740.049
Social 0.27564.1361 0.46510.1058 0.36314#.12 0.46484.1194 0.53134.067 0.1494.1124 0.54620.0595 0.38434.1113 0.54580.0998
Average 0.3851 0.3849 0.2813 0.3916 0.4632 0.3437 0.4563 0.2051 0.4778
4, 9 SVM 4 Macro-F1
Data sets MIFS MDMR SCLS LRFS mMRMR RALM FS TRCFS GMM RMLFS
Flags 0.5697%0.0998 0.5035#.0535 0.538810.042 0.510640.0442 0.50524).0495 0.48724).0436 0.52214.0397 0.52334.0329 0.56380.0842
Arts 0.0554).034 0.03931#.0219 0.03811#.0161 0.04334.0187 0.11420.0252 0.03851.0256 0.10254.0359 0.019440.0107 0.11310.0275
Education 0.01954.017 0.03534).0249 0.019540.0149 0.04854.0279 0.08030.0204 0.052540.0144 0.076510.0267 0.01324.0106 0.07620.0168
Entertain 0.09714.0474 0.07724.032 0.04364.03 0.078840.0307 0.146510.026 0.081540.0384 0.14510.0405 0.0434.0294 0.15730.037
Health 0.118140.0461 0.12264.0519 0.06714.0346 0.14544.0378 0.183640.0339 0.15924).0415 0.18750.0454 0.04414.0164 0.18620.0434
Recreation 0.133610.0334 0.019310.0227 0.030140.0108 0.02314.0225 0.144940.0283 0.121640.0421 0.145940.0299 0.004340.0065 0.15060.0289
Reference 0.06284).0236 0.04084).0205 0.02144).0068 0.0514.0207 0.09294.0194 0.06284).0278 0.0944.0234 0.018640.0044 0.09690.0198
Science 0.0341#.0164 0.03784).0285 0.00744.0071 0.038840.0287 0.075840.0151 0.03574.0199 0.0939%0.0265 0.008740.0081 0.08660.023
Society 0.05544).0197 0.0494.0159 0.0214.0035 0.049340.0155 0.064114.0114 0.031840.0116 0.078840.0195 0.034640.008 0.09090.0183
Genbase 0.68944).1091 0.76424.1291 0.24134.0221 0.763640.1304 0.81480.0003 0.73754.1527 0.765140.142 0.000040.0000 0.783%70.1169
Medical 0.221640.0483 0.31574.0736 0.0793#.0127 0.31724.0735 0.305440.0117 0.12884).0629 0.33580.0681 0.000040.0000 0.32520.0812
Enron 0.074314.0169 0.107640.0324 0.118940.031 0.098840.0325 0.146310.0303 0.07414.0268 0.08224).0289 0.079840.0237 0.13810.0366
Social 0.030810.0164 0.075440.0314 0.036240.0143 0.08324.0312 0.104240.0131 0.014440.012 0.12630.0246 0.03494.011 0.12230.0256
Average 0.1663 0.1683 0.0971 0.1732 0.2137 0.1558 0.212 0.0634 0.2224
5.9 3NN p Micro-F1
Data sets MIES MDMR SCLS LRFS mRMR RALM FS TRCES GMM RMLFS
Flags 0.661540.0302 0.610740.0165 0.612240.0115 0.615740.018 0.607840.018 0.605740.0122 0.660410.0343 0.61294.0136 0.68290.0351
Arts 0.20164.0521 0.18934).0343 0.16414.0243 0.19634.0273 0.23324.0232 0.18244).0435 0.26124).0643 0.18384).0336 0.28290.0323
Education 0.182740.055 0.230810.0404 0.17644.0371 0.24314.0455 0.2634.0256 0.260540.0505 0.291340.0685 0.22234.0361 0.30610.0431
Entertain 0.27644.0652 0.28324.0304 0.23414.0334 0.280740.0339 0.33534.0268 0.27354.0651 0.341840.0816 0.280240.0323 0.38420.0649
Health 0.4351.0706 0.4074.0514 0.34810.0389 0.43654.0204 0.48234.0412 0.47394.0587 0.47514.0728 0.390140.0446 0.488%0.0652
Recreation 0.28244).0535 0.14014.0257 0.14834.0215 0.140640.0264 0.2574.0252 0.27174.0635 0.304810.0465 0.134310.0238 0.31416.0482
Reference 0.38164.0546 0.378440.0443 0.31214.0304 0.38594).0456 0.406740.0424 0.38574.089 0.44784.0723 0.3714.041 0.449%0.0447
Science 0.171140.0365 0.173740.0345 0.115440.0162 0.176510.0346 0.211940.0203 0.159740.0476 0.255640.0377 0.1614.0301 0.25980.0342
Society 0.30554).043 0.31214.0324 0.24494.0207 0.31534).0282 0.29774.0235 0.25464).0499 0.31894).0506 0.31174.0294 0.3341.045
Genbase 0.96654.1032 0.97674.0655 0.51754.0118 0.97664.0657 0.99150.0009 0.95594).134 0.97244.0879 0.07214.0000 0.96624.1012
Medical 0.610440.0953 0.641140.0342 0.35284).0132 0.64274.0349 0.58114).0456 0.29394.1077 0.65614).1288 0.000040.0000 0.70080.1275
Enron 0.41024.0243 0.44351.0437 0.43654.0265 0.419440.048 0.50510.0093 0.365#.0729 0.392340.0347 0.414540.0502 0.49320.0386
Social 0.33784.0811 0.45094.0578 0.37634.0569 0.45494).0543 0.497840.0243 0.315440.054 0.53830.0307 0.42954.0578 0.52720.0757
Average 0.4017 0.4029 0.3107 0.4065 0.4362 0.3691 0.4551 0.2756 0.4761




6. 9 3NN p  MacroFl
Data sets MIES MDMR SCLS LRES mRMR RALM FS TRCES GMM RMLES
Flaas 0.526540.0776 0.443240.0175 0.453840.0137 0.453140.022 0.451340.0227 0.438610.0109 0.510240.0487 0.445240.0156 0.55220.0658
Arts 0.095140.033 0.095240.0245 0.07374€.0139 0.100640.025 0.112240.015 0.071440.0253 0.143460.0402 0.08874.0229 0.13820.0309
Education 0.04264.0176 0.08234.0187 0.059240.0208 0.08740.0202 0.095640.0124 0.08384.0234 0.104720.0227 0.079640.0185 0.10%0.0194
Entertain 0.13794.0418 0.1484.0182 0.11240.0202 0.144810.0198 0.174840.017 0.130540.0402 0.18140.0462 0.145510.0175 0.197720.039
Health 0.15740.0407 0.14374.0328 0.09854.0305 0.16114.0225 0.195340.0201 0.18594.0317 0.200840.0352 0.131340.0277 0.20540.0368
Recreation 0.17034.0381 0.09454.0219 0.08544.0161 0.09324.0213 0.164440.018 0.159740.0447 0.185640.0354 0.090940.0205 0.18680.0331
Reference 0.08840.0238 0.08094.0174 0.04974.0155 0.085240.017 0.09554.0117 0.076640.0257 0.104746.0197 0.07634.0172 0.11550.0202
Science 0.061840.0147 0.067440.0238 0.037240.0098 0.067340.0231 0.107140.0103 0.056740.0211 0.112340.0217 0.061140.021 0.11310.0263
Society 0.08884.0211 0.08394.0139 0.055.0112 0.084746.0129 0.07774€.0077 0.05344.0156 0.10314.0199 0.083640.0152 0.11246.0188
Genbase 0.66614.1075 0.70924.1036 0.22384.0178 0.7094.1043 0.74030.002 0.68874.1322 0.70234.1234 0.005540.0000 0.705240.0927
Medical 0.16140.0209 0.185610.0257 0.062610.006 0.187240.0265 0.152610.0393 0.069440.0287 0.247240.0427 0.25820.0575 0.25820.0575
Enron 0.08734.014 0.115240.0203 0.110640.0126 0.10934.0219 0.145440.0078 0.080940.0256 0.096840.0219 0.103840.0199 0.13130.0189
Social 0.050640.0167 0.10664.0319 0.04944.0132 0.111440.0269 0.11614.0057 0.03824.0123 0.15280.0239 0.09574.0293 0.14590.0301
Average 0.1795 0.1812 0.1131 0.1841 0.2022 0.1641 0.2188 0.1281 0.2279
7. 8 MEKNM p Hamming Loss

Datasets MIFS MDMR SCLS LRFS RALM FS TRCES GMM RMLES

Flags 0.2924.0205 0.314610.0111 0.322740.0061 0.316940.0087 0.323940.0087 0.294240.0193 0.318140.0082 0.287720.0204

Arts 0.063240.0012 0.064740.0007 0.063440.0006 0.064740.0009 0.063310.0008 0.0610.0015 0.064810.0007 0.05920.0007

Education 0.044910.0007 0.044940.0011 0.045610.0008 0.044740.0011 0.04330.0005 0.042340.0013 0.0454.0008 0.04120.0007

Entertain 0.06531.0018 0.065510.0016 0.067740.001 0.06574.0015 0.063810.0021 0.060610.002 0.066140.0018 0.05850.0022

Health 0.044810.0026 0.046610.0023 0.049740.0011 0.045440.0013 0.042310.0022 0.041740.003 0.047610.0021 0.03950.0019

Recreation 0.060140.0017 0.067140.0007 0.065440.0007 0.066740.0007 0.0605#0.0013 0.05860.0012 0.0674€.001 0.05910.0016

Reference 0.031340.0015 0.032540.0014 0.033940.0007 0.032640.0013 0.032540.0013 0.0294#.0014 0.03274.0017 0.02860.0015

Science 0.036.0006 0.03630.0005 0.036810.0005 0.036240.0005 0.036140.0004 0.034310.0004 0.036310.0004 0.03410.0004

Society 0.058240.0012 0.058510.0011 0.060310.0004 0.058440.001 0.059310.0006 0.057340.0012 0.058610.0011 0.05620.0011

Genbase 0.00260.0055 0.002740.004 0.030940.0004 0.002740.004 0.00384.0068 0.0034.0047 0.045610.0000 0.0034.0056

Medical 0.016510.002 0.017510.001 0.023310.0002 0.017510.001 0.027€.0007 0.014910.002 0.027610.0000 0.01390.003

Enron 0.057440.0012 0.053140.0027 0.053240.0012 0.0554.003 0.0574.0023 0.0564.0023 0.057740.0007 0.05060.0022

Social 0.031140.0016 0.027540.0018 0.029240.0018 0.027540.002 0.032440.001 0.023810.001 0.028440.0019 0.02330.0018

Average 0.0618 0.064 0.0679 0.0642 0.065 0.0597 0.0689 0.0581
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