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Weak multi-label feature selection based on

weakly-supervised contrastive learning
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Abstract: Multi-label feature selection has been widely used in many fields, such as medical diagnosis and pattern recognition.
However, most weak multi-label data often suffer from many problems, such as curse of dimensionality and noisy/missing
labels in reality. Existing weak label feature selection algorithms are generally vulnerable to missing and noisy labels, which
makes it difficult for algorithms to accurately select important features. To solve these problems, we present a weakly -
supervised contrastive learning method for feature selection from large weak multi-label data with missing labels that aims at
selecting a large number of high-quality features and also exploits inter-class contrastive patterns hidden in a small amount of
human - annotated labels of data. The method consists of three steps. Firstly, we design a weakly -supervised pre -training
strategy , which select the label-specific feature for each class label via sparse learning method, and constructs the correlation
between instance and label-specific feature, which can be used to recover the missing label space. Then, we introduce the
contrastive strategy to capture the contrast patterns in a small labeled data, which reduces the influence of noisy labels. In the
end, experiments are performed on ten multi-label data sets in terms of four evaluation metrics. Experimental results show
that our approach outperforms the other state-of-the-art multi-label feature selection algorithms.
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Table2 AUC (}) of seven feature selection algorithms on ten datasets with 30% missing labels

Bk Arts Birds Computer  Education  Entertainment Image Recreation Science  Slashdot Yeast S HES
MDDMspc 0.5802 0.6538 0. 5858 0. 6006 0.6279 0.7907 0.5796 0.5792 0.6314 0. 5894 5. 7000
MDDMproj 0. 5894 0. 6580 0. 5900 0.5948 0.6140 0.7794 0. 6096 0.5928 0.6326 0.5933 4.8000

MIFS 0. 6066 0.7177 0.5971 0. 6440 0.6442 0.7672 0.6136 0.6252 0.6240 0.6038 3. 5000

MLNB 0.5878 0.6744 0.5845 0.6105 0.6241 0.7824 0.5784 0.5816 0.6258 0.5769 5. 7000
PMU 0. 5868 0.6848 0. 5868 0.6251 0.6413 0.7746 0. 6002 0.5893 0. 6346 0. 6066 4. 3000
LSGL 0.6106 0.6232 0. 5966 0.6287 0. 6505 0. 8000 0. 6147 0.6289 0. 6436 0.6188 2.3000
WCES 0. 6162 0.7427 0. 6009 0. 6449 0.6333 0.7971 0.6046 0. 6354 0.7092 0. 6239 1.7000
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Table 3 RL ( v )of seven feature selection algorithms on ten datasets with 30% missing labels

Bk Arts Birds Computer Education Entertainment Image Recreation Science Slashdot Yeast S HHE4
MDDMspce 0. 1600 0.1512 0. 0953 0. 0958 0.1257 0.2105 0. 1956 0.1471 0. 1893 0.1971 5. 7000
MDDMproj 0.1565 0. 1567 0.0950 0.0979 0.1279 0.2248 0.1914 0.1423 0.1814 0.1955 5.2000

MIFS 0.1510 0.1479 0.0935 0.0915 0.1220 0.2402 0. 1844 0.1349 0.1888 0. 1869 3. 2000

MLNB 0. 1570 0. 1508 0.0972 0.0958 0.1279 0.2201 0.2031 0. 1465 0.1797 0.2037 5. 7000

PMU 0. 1564 0.1423 0.0953 0.0948 0.1243 0.2263 0. 1907 0.1418 0. 1838 0. 1830 4.1000

LSGL 0. 1490 0.1702 0.0912 0.0924 0.1219 0.2032 0. 1846 0.1350 0.1764 0. 1820 2.4000

WCES 0.1515 0.1339 0.0926 0. 0889 0.1238 0. 1994 0.1913 0.1325 0. 1591 0.1794 1.7000

R4 0%HFBREET, EMSFEEREEE 0N HBE LM LER(APY)
Table4 AP (%) of seven feature selection algorithms on ten datasets with 30 % missing labels

Bk Arts Birds Computer Education Entertainment Image Recreation Science Slashdot Yeast S HE
MDDMspc 0.4741 0.6333 0.6135 0.5295 0.5522 0.7548 0.4383 0. 4350 0.4478 0.7274 5. 8000
MDDMproj 0.4799 0.6412 0.6245 0.5151 0.5571 0.7413 0.4618 0.4504 0.4588 0.7237 4.7000

MIFS 0. 5066 0.6724 0.6242 0. 5560 0.5652 0.7211 0. 4899 0.4801 0.4250 0.7384 3. 3000

MLNB 0.4787 0.6421 0.6219 0.5323 0. 5531 0.7483 0.4287 0.4256 0.4558 0.7175 5. 5000

PMU 0.4847 0.6542 0.6165 0.5359 0.5601 0. 7409 0. 4605 0.4419 0.4326 0.7381 4.7000

LSGL 0.5162 0.6315 0. 6289 0.5545 0.5624 0.7581 0.4862 0.4764 0. 4687 0.7428 2.7000

WCES 0.5174 0. 6967 0.6268 0.5617 0.5656 0. 7595 0. 4820 0. 4831 0.5321 0. 7441 1. 3000

£S5 30% RIBHRERT, EMBEEEEEE 10 BIEE LI ILER(0E v )
Table 5 OE ( ¥ ) of seven feature selection algorithms on ten datasets with 30% missing labels

B Arts Birds Computer Education  Entertainment Image Recreation Science Slashdot Yeast S HE4
MDDMspce 0.6817 0. 4830 0.4737 0.6190 0.6153 0.3730 0.7243 0.6993 0.7055 0. 2495 5.4000
MDDMproj 0.6770 0. 4520 0. 4500 0.6357 0. 6020 0.3930 0.6917 0.6797 0.6934 0.2691 5.1000

MIFS 0.6263 0.3777 0.4517 0.5750 0.5903 0.4340 0. 6540 0. 6487 0.7783 0.2593 3. 8000

MLNB 0.6767 0.4768 0. 4497 0.6133 0.6013 0.3770 0.7320 0.7167 0.7128 0. 2603 5.1000

PMU 0.6673 0.4458 0.4667 0.6043 0. 5883 0.3910 0.6963 0. 6980 0.7330 0.2625 4.6000

LSGL 0.6123 0.4706 0. 4457 0.5690 0. 5947 0.3780 0.6570 0.6457 0.6739 0.2495 2. 6000

WCES 0.6150 0. 3591 0.4477 0.5683 0. 5837 0. 3570 0. 6670 0. 6437 0.5979 0. 2407 1. 4000

R6 S0%RICEHRART, tMEFMEEFREZEI0NMNBIBE LWL ER(AUCH)

Table 6 AUC ( %) of seven feature selection algorithms on ten datasets with 50% missing labels

B Arts Birds Computer Education  Entertainment Image Recreation Science Slashdot Yeast -2 HE44
MDDMspe 0.5712 0.6670 0.5786 0. 5816 0.6182 0. 7557 0. 5905 0.5721 0.6321 0.5612 5.3000
MDDMproj 0.5832 0. 6644 0.5743 0.5835 0.6153 0.7734 0.6053 0. 5858 0.6232 0.5615 4.9000

MIFS 0.6055 0.7025 0.5822 0.6177 0.6421 0.7461 0.6085 0.5991 0.6245 0.5973 3.4000

MLNB 0. 5876 0.6342 0.5222 0. 6003 0.6291 0.7679 0. 5848 0.5754 0.6414 0.5503 4.9000
PMU 0.5766 0.6583 0.5750 0.6148 0.6234 0.7510 0.5757 0.5722 0.6208 0.6068 5. 3000
LSGL 0.6149 0. 6030 0.5919 0.6209 0. 6450 0.7769 0. 6092 0.6019 0.6269 0.5996 2.4000
WCES 0.6135 0.7238 0. 5860 0. 6265 0.6302 0. 7820 0. 6052 0. 6000 0.7311 0.6156 1. 8000
3.4 Holm &I b 1 T4 Mo X LLIE VAR BE , ¥ Holm #5545 R W52 10 frws
— 51 A Holm K 56 . Be A SOV g 42 1 R 4 Holm # 56 #4 [ J3 HE 77, # B 22 1 ) 3 4R

HT Bk 10 B EAE PR IE B R 30 B R 10H, Holm K56 1Y 28 ps = 0. 0016, /M T
O DL T kS AT L8 A Bk AUC T8 AR Y XN A Holm fiL , #5268 8 8 5 ps = 0. 0016, /N T %
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Table 7 RL ( v ) of seven feature selection algorithms on ten datasets with 50% missing labels
(=873 Arts Birds Computer Education Entertainment Image Recreation Science Slashdot Yeast S HE 44
MDDMspce 0.1610 0.1621 0. 0956 0.1024 0.1283 0.2348 0.1962 0.1478 0. 1882 0. 2046 5.4000
MDDMproj 0.1578 0.1627 0.0959 0.1033 0.1280 0.2188 0.1875 0.1453 0.1929 0.2052 5. 2000
MIFS 0.1524 0.1478 0.0964 0.0958 0.1217 0. 2350 0. 1845 0. 1404 0. 1900 0.1897 3. 2000
MLNB 0.1558 0.1636 0. 1066 0. 0986 0.1257 0.2273 0. 2020 0. 1468 0.1766 0.2039 5. 1000
PMU 0.1572 0.1611 0. 1008 0.0970 0.1262 0. 2466 0. 2007 0. 1459 0.1928 0. 1855 5.0000
LSGL 0. 1492 0.1568 0.0945 0. 0966 0. 1206 0.2211 0. 1864 0. 1355 0.1917 0. 1886 2. 4000
WCES 0.1510 0. 1463 0.0943 0. 0948 0.1240 0.2073 0.1936 0.1372 0.1589 0.1830 1.7000
F8 50% tRIBERKRET, LM MEEREEE 10N BIEE LWL ER(APY)
Table 8 AP ( 4 ) of seven feature selection algorithms on ten datasets with 50% missing labels
ik Arts Birds Computer Education Entertainment ~ Image  Recreation  Science Slashdot Yeast EHHEA
MDDMspc 0.4790 0.6242 0.6180 0.5019 0. 5446 0.7320 0.4470 0.4203 0.4614 0.7164 5. 5000
MDDMproj 0.4842 0.6312 0.6168 0. 5060 0.5441 0.7446 0.4678 0.4413 0.4141 0.7154 5. 2000
MIFS 0.4985 0. 6681 0.6192 0.5363 0.5598 0.7267 0. 4815 0.4455 0.4298 0.7322 3.4000
MLNB 0.4938 0.6307 0. 5966 0.5376 0. 5480 0.7339 0.4370 0.4168 0.4969 0.7168 4.7000
PMU 0.4769 0.6352 0.6155 0.5309 0.5476 0.7105 0. 4260 0.4235 0.4410 0.7322 5. 4000
LSGL 0.5077 0. 6422 0. 6250 0.5373 0.5738 0. 7486 0.4766 0.4577 0.4370 0.7368 2. 3000
WCES 0. 5054 0. 6699 0. 6273 0. 5492 0. 5603 0.7545 0. 4640 0. 4589 0.5306 0.7403 1. 5000
K9 50%tRCERAET, EMHEEBREEEE 10N BIBEE O L ER(0OE v )
Table9 OE ( v ) of seven feature selection algorithms on ten datasets with 50 % missing labels
Wik Arts Birds Computer  Education  Entertainment  Image Recreation ~ Science  Slashdot Yeast  FHHEA
MDDMspc 0.6723 0.5046 0.4603 0.6607 0.6183 0.4030 0.7033 0. 7250 0.6788 0.2614 5. 5000
MDDMproj 0. 6660 0. 4706 0.4593 0. 6450 0. 6240 0. 3930 0. 6810 0. 6940 0.7654 0. 2647 5.0000
MIFS 0. 6360 0.4149 0.4573 0.6013 0.5703 0.4230 0.6697 0.6793 0.7613 0.2407 3.0000
MLNB 0.6433 0.4799 0.4797 0. 5940 0.6130 0. 4080 0.7270 0.7257 0.6343 0.2571 4.8000
PMU 0. 6810 0.4799 0.4610 0.6037 0.6123 0. 4450 0.7357 0.7180 0.7039 0.2538 5.4000
LSGL 0.6323 0.4551 0.4543 0. 6050 0.5753 0. 3840 0. 6677 0. 6760 0.7152 0. 2462 2.7000
WCES 0. 6307 0.4118 0. 4460 0.5863 0.5947 0. 3760 0.6813 0. 6690 0. 5987 0. 2440 1. 6000

IV 1Y Holm fi , #6460 5 LA 4 5 p, = 0. 0578,
K FXE R Holm fH , #5322 % . AT LLE A 3¢
# 1% 5 MDDMproj, MLNB, MDDMspc, PMU A
B EME2E S, 5 MIFS,LSGL G W #1225 .

F 11 M4 5 RL H6 451 Holm A5 46 25 21 >R
MR 10k iU ER AXELS
MDDMproj, MLNB, MDDMspc, PMU # i #
#5 , 5 MIFS,LSGL L &R .

e 12FE 13430 45 th & Bk AP Fl OE 8 4r
) Holm & 30 25 3, /T LLE ), A SCH L MRE S
MDDMproj, MDDMspc, MLNB, PMU, MIFS 4
WEER, SLSGLEREEER.
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F10 AUCHE#H Holm #1645 R %11 RLIEFRHI Holm #6364 R
Table 10 Holm test results of subset AUC index Table 11 Holm test results of subset RL index
Bk i p Holm (a/i) fR¥#% (a=0.05) Bk i P Holm (a/i) & (a=0.05)
MDDMspc 6 0.0016  0.0083 4 MDDMproj 6 0.0016  0.0083 4
MLNB 5 0.0016 0.0100 4 MLNB 5 0.0016 0. 0100 B/
MDDMproj 4 0.0114 0.0125 44 MDDMspc 4 0.0016 0.0125 EiEEC
PMU 3 0.0114 0.0167 EiER:cl PMU 3 0.0016 0.0167 4
MIFS 2 0.0578 0. 0250 ez MIFS 2 0. 2059 0. 0250 3z
LSGL 1 0.2059 0. 0500 sz LSGL 1 0.5271 0. 0500 Bz
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Table 12 Holm test results of subset AP index Table 13 Holm test results of subset OF index
Hk i b Holm (a/i) fR#(a=0.05) Bk i b Holm (a/i) &% (a=0.05)
MDDMspc 6 0.0016 0.0083 4 MDDMspc 6 0.0016 0.0083 fE 4
MDDMproj 5 0.0016 0.0100 FE 4 MDDMproj 5 0.0016 0.0100 FH 4
MLNB 4 0.0016 0.0125 10 48 MLNB 4 0.0016 0.0125 FH 45
PMU 3 0.0016 0.0167 FH 45 PMU 3 0.0016 0.0167 FH 4
MIFS 2 0.0114 0. 0250 10 4 MIFS 2 0.0114 0. 0250 HH 4
LSGL 1 0.0578 0. 0500 3z LSGL 1 0. 2059 0. 0500 3z
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Fig. 4 Predictive classification situation on Slashdot dataset with 50% missing labels
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