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Abstract Dealing with complicated multi-label data is a challenging task for feature selection in 

practical applications. However, there exist three unsolved issues in the existing multi-label 

feature selection methods. First, previous multi-label feature selection methods either employ 

instance-level manifold regularization term to maintain the instance similarity or exploit the 

correlations 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 the pairwise 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 least square regression 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 of data set is stored. Finally, we integrate the terms mentioned above into one 

joint learning framework. An effective optimization method with provable convergence is 



 

designed to solve our proposed method. In summary, the novelties and main contributions of this 

paper can be summarized as follows: the proposed method uses the instance-level manifold 

regularization term to maintain the instance similarity. At the same time, the proposed method 

introduces label-level manifold regularization term to exploit the label 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 maintain the 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 learned by the training 

process. Furthermore, the proposed method introduces the L2,1-norm that integrates the advantages 

of L1-norm and L2-norm to select important features in each iteration. Finally, the proposed 

method integrates all the above terms into one joint learning framework and develops a method to 

solve the constrained problem, i.e., regulating regression coefficient matrix based on 

instance-similarity and label-similarity for multi-label feature selection that is named as RMLFS, 

while an optimal scheme is designed. 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 local optimal 

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 multi-label feature selection method. In order to verify the classification superiority of 

the proposed method, numerous experiments are conducted on thirteen different multi-label data 

sets. Eight competitive methods including MIFS, MDMR, SCLS, LRFS, mRMR, RALM-FS, 

TRCFS and GMM are compared to the proposed method. The extensive experimental results 

show that the classification performance of the proposed RMLFS outperforms other compared 

methods in these experiments. 

Key words feature selection; multi-label learning; manifold learning; sparse learning; 
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3.  9 SVMⅎ ҏ Micro-F1  

Data sets MIFS MDMR SCLS LRFS mRMR RALM_FS TRCFS GMM RMLFS 

Flags 0.7225±0.0499 0.6491±0.0425 0.6746±0.031 0.6659±0.0405 0.6651±0.0322 0.6315±0.0481 0.6955±0.0203 0.6603±0.0321 0.7136±0.0424 

Arts 0.1391±0.0783 0.0946±0.0524 0.106±0.046 0.1041±0.0448 0.2582±0.0576 0.1018±0.0607 0.229±0.0917 0.0482±0.0259 0.2545±0.06 

Education 0.0733±0.0587 0.127±0.0811 0.0733±0.0593 0.1495±0.0806 0.2357±0.0576 0.1934±0.0558 0.2181±0.0956 0.0569±0.0415 0.276±0.0548 

Entertain 0.2278±0.1121 0.1898±0.0865 0.1132±0.0717 0.1843±0.0821 0.3445±0.0682 0.2143±0.1004 0.331±0.0996 0.1163±0.0769 0.35±0.0869 

Health 0.4681±0.0795 0.4346±0.0761 0.3451±0.0441 0.4754±0.037 0.5381±0.0682 0.5157±0.0439 0.5282±0.058 0.3618±0.0552 0.5594±0.0378 

Recreation 0.2524±0.0698 0.0331±0.0382 0.0644±0.02 0.0392±0.0374 0.2745±0.0445 0.2279±0.0711 0.2678±0.0488 0.007±0.0108 0.2808±0.047 

Reference 0.3593±0.1046 0.3559±0.069 0.2661±0.0829 0.3768±0.0664 0.4114±0.0911 0.4042±0.1322 0.4391±0.0999 0.305±0.0649 0.4396±0.0957 

Science 0.1286±0.0569 0.1269±0.0743 0.0365±0.035 0.1286±0.0776 0.2071±0.0448 0.0969±0.0539 0.2249±0.0662 0.0368±0.032 0.2338±0.0537 

Society 0.3001±0.0424 0.3191±0.0172 0.216±0.028 0.321±0.016 0.2708±0.0511 0.2231±0.0594 0.3106±0.0645 0.3041±0.0403 0.3221±0.0452 

Genbase 0.9717±0.101 0.9785±0.0675 0.541±0.0137 0.9785±0.0676 0.9937±0.0006 0.9582±0.1365 0.9748±0.0875 0.0000±0.0000 0.9711±0.1054 

Medical 0.7149±0.1058 0.7556±0.0546 0.3697±0.0094 0.7567±0.0548 0.7572±0.0081 0.3632±0.1474 0.7613±0.1081 0.0000±0.0000 0.7372±0.1349 

Enron 0.3723±0.0274 0.4739±0.0492 0.4884±0.0314 0.4457±0.0555 0.5346±0.0241 0.3891±0.0588 0.4051±0.0505 0.385±0.0357 0.5274±0.049 

Social 0.2756±0.1361 0.465±0.1058 0.3631±0.12 0.4648±0.1194 0.5313±0.067 0.149±0.1124 0.5462±0.0595 0.3843±0.1113 0.5458±0.0998 

Average 0.3851 0.3849 0.2813 0.3916 0.4632 0.3437 0.4563 0.2051 0.4778 

 

4.  9 SVMⅎ ҏ Macro-F1  

Data sets MIFS MDMR SCLS LRFS mRMR RALM_FS TRCFS GMM RMLFS 

Flags 0.5697±0.0998 0.5035±0.0535 0.5388±0.042 0.5106±0.0442 0.5052±0.0495 0.4872±0.0436 0.5221±0.0397 0.5233±0.0329 0.5638±0.0842 

Arts 0.055±0.034 0.0393±0.0219 0.0381±0.0161 0.0433±0.0187 0.1142±0.0252 0.0385±0.0256 0.1025±0.0359 0.0194±0.0107 0.1131±0.0275 

Education 0.0195±0.017 0.0353±0.0249 0.0195±0.0149 0.0485±0.0279 0.0803±0.0204 0.0525±0.0144 0.0765±0.0267 0.0132±0.0106 0.0767±0.0168 

Entertain 0.0971±0.0474 0.0772±0.032 0.0436±0.03 0.0788±0.0307 0.1465±0.026 0.0815±0.0384 0.145±0.0405 0.043±0.0294 0.1573±0.037 

Health 0.1181±0.0461 0.1226±0.0519 0.0671±0.0346 0.1454±0.0378 0.1836±0.0339 0.1592±0.0415 0.1875±0.0454 0.0441±0.0164 0.1862±0.0434 

Recreation 0.1336±0.0334 0.0193±0.0227 0.0301±0.0108 0.0231±0.0225 0.1449±0.0283 0.1216±0.0421 0.1459±0.0299 0.0043±0.0065 0.1506±0.0289 

Reference 0.0628±0.0236 0.0408±0.0205 0.0214±0.0068 0.051±0.0207 0.0929±0.0194 0.0628±0.0278 0.094±0.0234 0.0186±0.0044 0.0969±0.0198 

Science 0.0341±0.0164 0.0378±0.0285 0.0074±0.0071 0.0388±0.0287 0.0758±0.0151 0.0357±0.0199 0.0939±0.0265 0.0087±0.0081 0.0866±0.023 

Society 0.0554±0.0197 0.049±0.0159 0.021±0.0035 0.0493±0.0155 0.0641±0.0114 0.0318±0.0116 0.0788±0.0195 0.0346±0.008 0.0909±0.0183 

Genbase 0.6894±0.1091 0.7642±0.1291 0.2413±0.0221 0.7636±0.1304 0.8148±0.0003 0.7375±0.1527 0.7651±0.142 0.0000±0.0000 0.7837±0.1169 

Medical 0.2216±0.0483 0.3157±0.0736 0.0793±0.0127 0.3172±0.0735 0.3054±0.0117 0.1288±0.0629 0.3358±0.0681 0.0000±0.0000 0.3252±0.0812 

Enron 0.0743±0.0169 0.1076±0.0324 0.1189±0.031 0.0988±0.0325 0.1463±0.0303 0.0741±0.0268 0.0822±0.0289 0.0798±0.0237 0.1381±0.0366 

Social 0.0308±0.0164 0.0754±0.0314 0.0362±0.0143 0.0832±0.0312 0.1042±0.0131 0.0144±0.012 0.1263±0.0246 0.0349±0.011 0.1223±0.0256 

Average 0.1663 0.1683 0.0971 0.1732 0.2137 0.1558 0.212 0.0634 0.2224 

 

5.  9 3NNⅎ ҏ Micro-F1  

Data sets MIFS MDMR SCLS LRFS mRMR RALM_FS TRCFS GMM RMLFS 

Flags 0.6615±0.0302 0.6107±0.0165 0.6122±0.0115 0.6157±0.018 0.6078±0.018 0.6057±0.0122 0.6604±0.0343 0.6129±0.0136 0.6829±0.0351 

Arts 0.2016±0.0521 0.1893±0.0343 0.1641±0.0243 0.1963±0.0273 0.2332±0.0232 0.1824±0.0435 0.2612±0.0643 0.1838±0.0336 0.2829±0.0323 

Education 0.1827±0.055 0.2308±0.0404 0.1764±0.0371 0.2431±0.0455 0.263±0.0256 0.2605±0.0505 0.2913±0.0685 0.2223±0.0361 0.3061±0.0431 

Entertain 0.2764±0.0652 0.2832±0.0304 0.2341±0.0334 0.2807±0.0339 0.3353±0.0268 0.2735±0.0651 0.3418±0.0816 0.2802±0.0323 0.3842±0.0649 

Health 0.435±0.0706 0.407±0.0514 0.348±0.0389 0.4365±0.0204 0.4823±0.0412 0.4739±0.0587 0.4751±0.0728 0.3901±0.0446 0.4889±0.0652 

Recreation 0.2824±0.0535 0.1401±0.0257 0.1483±0.0215 0.1406±0.0264 0.257±0.0252 0.2717±0.0635 0.3048±0.0465 0.1343±0.0238 0.314±0.0482 

Reference 0.3816±0.0546 0.3784±0.0443 0.3121±0.0304 0.3859±0.0456 0.4067±0.0424 0.3857±0.089 0.4478±0.0723 0.371±0.041 0.4497±0.0447 

Science 0.1711±0.0365 0.1737±0.0345 0.1154±0.0162 0.1765±0.0346 0.2119±0.0203 0.1597±0.0476 0.2556±0.0377 0.161±0.0301 0.2598±0.0342 

Society 0.3055±0.043 0.3121±0.0324 0.2449±0.0207 0.3153±0.0282 0.2977±0.0235 0.2546±0.0499 0.3189±0.0506 0.3117±0.0294 0.334±0.045 

Genbase 0.9665±0.1032 0.9767±0.0655 0.5175±0.0118 0.9766±0.0657 0.9915±0.0009 0.9559±0.134 0.9724±0.0879 0.0721±0.0000 0.9662±0.1012 

Medical 0.6104±0.0953 0.6411±0.0342 0.3528±0.0132 0.6427±0.0349 0.5811±0.0456 0.2939±0.1077 0.6561±0.1288 0.0000±0.0000 0.7008±0.1275 

Enron 0.4102±0.0243 0.4435±0.0437 0.4365±0.0265 0.4194±0.048 0.505±0.0093 0.365±0.0729 0.3923±0.0347 0.4145±0.0502 0.4932±0.0386 

Social 0.3378±0.0811 0.4509±0.0578 0.3763±0.0569 0.4549±0.0543 0.4978±0.0243 0.3154±0.054 0.5383±0.0307 0.4295±0.0578 0.5272±0.0757 

Average 0.4017 0.4029 0.3107 0.4065 0.4362 0.3691 0.4551 0.2756 0.4761 



 

 

 

6.  9 3NNⅎ ҏ Macro-F1  

Data sets MIFS MDMR SCLS LRFS mRMR RALM_FS TRCFS GMM RMLFS 

Flags 0.5265±0.0776 0.4432±0.0175 0.4538±0.0137 0.4531±0.022 0.4513±0.0227 0.4386±0.0109 0.5102±0.0487 0.4452±0.0156 0.5522±0.0658 

Arts 0.0951±0.033 0.0952±0.0245 0.0737±0.0139 0.1006±0.025 0.1122±0.015 0.0714±0.0253 0.1434±0.0402 0.0887±0.0229 0.1382±0.0309 

Education 0.0426±0.0176 0.0823±0.0187 0.0592±0.0208 0.087±0.0202 0.0956±0.0124 0.0838±0.0234 0.1047±0.0227 0.0796±0.0185 0.101±0.0194 

Entertain 0.1379±0.0418 0.148±0.0182 0.112±0.0202 0.1448±0.0198 0.1748±0.017 0.1305±0.0402 0.181±0.0462 0.1455±0.0175 0.1977±0.039 

Health 0.157±0.0407 0.1437±0.0328 0.0985±0.0305 0.1611±0.0225 0.1953±0.0201 0.1859±0.0317 0.2008±0.0352 0.1313±0.0277 0.2054±0.0368 

Recreation 0.1703±0.0381 0.0945±0.0219 0.0854±0.0161 0.0932±0.0213 0.1644±0.018 0.1597±0.0447 0.1856±0.0354 0.0909±0.0205 0.1868±0.0331 

Reference 0.088±0.0238 0.0809±0.0174 0.0497±0.0155 0.0852±0.017 0.0955±0.0117 0.0766±0.0257 0.1047±0.0197 0.0763±0.0172 0.1155±0.0202 

Science 0.0618±0.0147 0.0674±0.0238 0.0372±0.0098 0.0673±0.0231 0.1071±0.0103 0.0567±0.0211 0.1123±0.0217 0.0611±0.021 0.1131±0.0263 

Society 0.0888±0.0211 0.0839±0.0139 0.055±0.0112 0.0847±0.0129 0.0777±0.0077 0.0534±0.0156 0.1031±0.0199 0.0836±0.0152 0.1124±0.0188 

Genbase 0.6661±0.1075 0.7092±0.1036 0.2238±0.0178 0.709±0.1043 0.7403±0.002 0.6887±0.1322 0.7023±0.1234 0.0055±0.0000 0.7052±0.0927 

Medical 0.161±0.0209 0.1856±0.0257 0.0626±0.006 0.1872±0.0265 0.1526±0.0393 0.0694±0.0287 0.2472±0.0427 0.2582±0.0575 0.2582±0.0575 

Enron 0.0873±0.014 0.1152±0.0203 0.1106±0.0126 0.1093±0.0219 0.1454±0.0078 0.0809±0.0256 0.0968±0.0219 0.1038±0.0199 0.1313±0.0189 

Social 0.0506±0.0167 0.1066±0.0319 0.0494±0.0132 0.1114±0.0269 0.1161±0.0057 0.0382±0.0123 0.1528±0.0239 0.0957±0.0293 0.1459±0.0301 

Average 0.1795 0.1812 0.1131 0.1841 0.2022 0.1641 0.2188 0.1281 0.2279 

 

7.  8 ML- KNNⅎ ҏ Hamming Loss  

Data sets MIFS MDMR SCLS LRFS RALM_FS TRCFS GMM RMLFS 

Flags 0.292±0.0205 0.3146±0.0111 0.3227±0.0061 0.3169±0.0087 0.3239±0.0087 0.2942±0.0193 0.3181±0.0082 0.2877±0.0204 

Arts 0.0632±0.0012 0.0647±0.0007 0.0634±0.0006 0.0647±0.0009 0.0633±0.0008 0.06±0.0015 0.0648±0.0007 0.0592±0.0007 

Education 0.0449±0.0007 0.0449±0.0011 0.0456±0.0008 0.0447±0.0011 0.0433±0.0005 0.0423±0.0013 0.045±0.0008 0.0412±0.0007 

Entertain 0.0653±0.0018 0.0655±0.0016 0.0677±0.001 0.0657±0.0015 0.0638±0.0021 0.0606±0.002 0.0661±0.0018 0.0585±0.0022 

Health 0.0448±0.0026 0.0466±0.0023 0.0497±0.0011 0.0454±0.0013 0.0423±0.0022 0.0417±0.003 0.0476±0.0021 0.0395±0.0019 

Recreation 0.0601±0.0017 0.0671±0.0007 0.0654±0.0007 0.0667±0.0007 0.0605±0.0013 0.0586±0.0012 0.067±0.001 0.0591±0.0016 

Reference 0.0313±0.0015 0.0325±0.0014 0.0339±0.0007 0.0326±0.0013 0.0325±0.0013 0.029±0.0014 0.0327±0.0017 0.0286±0.0015 

Science 0.036±0.0006 0.0363±0.0005 0.0368±0.0005 0.0362±0.0005 0.0361±0.0004 0.0343±0.0004 0.0363±0.0004 0.0341±0.0004 

Society 0.0582±0.0012 0.0585±0.0011 0.0603±0.0004 0.0584±0.001 0.0593±0.0006 0.0573±0.0012 0.0586±0.0011 0.0562±0.0011 

Genbase 0.0026±0.0055 0.0027±0.004 0.0309±0.0004 0.0027±0.004 0.0038±0.0068 0.003±0.0047 0.0456±0.0000 0.003±0.0056 

Medical 0.0165±0.002 0.0175±0.001 0.0233±0.0002 0.0175±0.001 0.027±0.0007 0.0149±0.002 0.0276±0.0000 0.0139±0.003 

Enron 0.0574±0.0012 0.0531±0.0027 0.0532±0.0012 0.055±0.003 0.057±0.0023 0.056±0.0023 0.0577±0.0007 0.0506±0.0022 

Social 0.0311±0.0016 0.0275±0.0018 0.0292±0.0018 0.0275±0.002 0.0324±0.001 0.0238±0.001 0.0284±0.0019 0.0233±0.0018 

Average 0.0618 0.064 0.0679 0.0642 0.065 0.0597 0.0689 0.0581 
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