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Multi-label feature selection with label manifold and dynamic graph constraints
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3. College of Information and Management Science, Henan Agricultural University, Zhengzhou 450002, Henan, China; 4. School
of Computer Science and Technology, Huazhong University of Science and Technology, Wuhan 430074, Hubei, China)

Abstract: Multi-label feature selection algorithms with label manifolds and dynamic graph constraints are proposed by integrating
adaptive dynamic graph technique and label manifold into an improved linear mapping learning framework. In this algorithm, an
improved matrix decomposition technique based on feature self-representation improves the linear mapping model and decouples the
correlation between features and labels as well as between different labels. An adaptive dynamic graph technique with Laplace rank
constraints is designed to learn a high-quality feature similarity graph. A label manifold based on label relevance is constructed to
fully incorporate label information into the training of the algorithm. Numerous experimental results verify that the adaptive dynamic
graph technique can effectively improve the quality of the graph matrix and the effectiveness of the proposed algorithm in addressing
the multi-label feature selection problem.
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1] FEREFBRZE B, 5 SR T j 28R W Y BB i AT j AR YV, = 15, RZ,Y, =0, 2%
FRIEEERER B2 A D= { X, Y} i —IE LR bR F:f(D) —F o, WEIR Y d ERFIE £ 1 S 2R
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on scalable criterion for large label set, SCLS) " ; )%k T 2 i Il ke 3 i) £ bR 25 5 AF 1% % ( Mullti-label feature
selection using multi-criteria decision making, MFES-MCDM) *') ; @ B 2y o P AE 45+ H: 52 100 1 2 R A 1k
#% ( multilabel feature selection with constrained latent structure shared term, SSFS)'?!; &) % & 1% i i 1F W4k
HY Z2 R 25 AE 264 ( multi-label feature selection via robust flexible sparse regularization, RFSFS) ! ;@ HA W
FIE ) £k 1Y & 22 bR 45 5 AIF % % (robust multi-label feature selection with dual-graph regularization,
DRMFS) ) ; D345 [ B 1E W 1k 22 bR % 5 AF %6 8% ( dynamic subspace dual-graph regularized multi-label
feature selection, DSMFS) ' ; @} T 5 2% & 1 2 1F WAk B Hi 165 22 b1 25 R AE YE % ( sparse multi-label feature
selection via dynamic graph manifold regularization, DMMES ) '"*' ; Q) B/ 5l 25 JRy il il 42 Joy 45 K {4 1 A s
B TUAR 25 25 FR 1E 155 £ (robust sparse and low-redundancy multi-label feature selection with dynamic local
and global structure preservation, SLMDS) """ | SZEGAE 10 DN EARSEHREE FklT, IF ] —Fh 2R T 1Y
i 2% 2 1% (a lazy learning approach to multi-label learning, ML-KNN) "/ ZFr% 3 2o At 22, PEAL
BT MR A DU HEP R AR SR B R
41 BEE

SR A B YOk A OK 22 I 454 (http : / mulan. sourceforge. net/dataset-mlc. html) , £, & 4= 4 %
SR E MR ORI, Genbase J&— T8 FH BT DI RE 4328 B ERHE 4R | B> S0 bR 28 4 ol R —
MR D2, Yeast RS 2 417 DMRERFE AR, BA MG RIAMR R LB IG, WA, B
FERERR A AT 14 AR (BN, e %555 ) . Scene FUdE Ak A T BRI, 65 2 407 4~ H A7 294
AR SE], B ARSI R 6 D ARs, % IR R SO B AL IR 55 2 G, BB T 2285 ) I
AR SCHE X SR A N S e . R 1 P T A BRERTEANE R .

1 BHRENIENE R
Table 1 The details of datasets

g oS SEER FENEER FRAER KU YA WA 5
Yeast 2417 103 14 ) 1500 917
Genbase 662 1185 27 =LY 463 199
Emotion 593 72 6 IR 391 202
CAL500 502 68 174 A 335 167
Scene 2 407 294 6 15 1211 1196
Image 600 294 5 E % 400 200
Flags 194 19 7 &% 129 65
Enron 1702 1001 53 XA 1123 579
Computer 5000 681 33 AR 2000 3000
Recreation 5000 606 22 A 2000 3000

42 KIEHT

S B2 ML-KNN -1 S 80580 1, B 48 S50 S N 10, H5 B A S 56 $ 05 4 45 96 X
6] O AT B B AC B, XTI L K Tmage BUEAE EAORZSIT SRS RO Bl 4 K H e R0 LAY
SSHOLE N 5 I A R BRG] 24 ) BRI R

N T LR A RS A R S R A SE IR R A IR WAL B8, IR R A E S {0.001,
0.01,0.1,1,10,100,1 000} ,#% Flags $¥a4E I i Frit FefiE Eise B o0 2 ~ 18,05 Ho e S g0 5540 4 1 10 T e e 1k
BN AR FRE R 2% ~20% , KK 2%,

e, B BT A SE 5 ¥ 7E T 8K Windows11 &R 4t , 4b B 2% O ADM ( Advanced Micro Devices ) £ J&
495 5 3600 6, FHE H 3.59 GHz, N1 M 16.00 GB PRI ffi il Matlab R2016a 3547 i Bk,
4.3 XJEEsELE

e 2—6 ML MDUIHR HEP B DR I RS 5 NI HE bR 10 UGB 1T I Bk 4s
SRHSEE (PEREHER) " 7632 2—5 1 LMDG 5 (T M8 FREU N, 7% LMDG BBl T H B8k,
6 1, LMDG LM IEMHR bR K, Ui LMDG 5935 i M AR R4

R T A A AR R R 3R 2—6 S — AT N A R A T A B 4R B S A B, AR AT
RN A3 55 AT T e LASE Ik 76 % B B0 4 1 IO e AR5 R R AR 45 5 . /T LUA 3, LMDG 5k 2
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TE 90% FETHE AR I a4 oA T Rk bRic .
HAKI & 7646 2.3.5 1, LMDG FA7E i A B 46 L i 45 s iR s TRl Zepric, e 3 BR
45 AT 0 7 Tmage B 4E A E Y  LMDG Bk I B IR T 5.87% ~28% . %% 4 |1 HHE
HEA B, LMDG &5 AR R IEML T 2.37% ~29.27% ; . HAE Scene Bdi4E I, 4% 5 MDMR , SCLS .
MFES-MCDM ,SSES .RFSFS . DRMFS . DSMFES . DMMFS F1 SLMDS %%, LMDG 5. 4% % 55 15 5% 73 W B A T
28.87% .29.82% 12.09% 29.10% 25.91% 2.31% 3.68% 2.79%F1 3.86% ., M7 6 fJLIFE !, B4R LMDG %
ETE Genbase BRI 19 F- Y B #E AL T MDMR . DRMFS .DSMFS . DMMFS #1 SLMDS %1, {H LMDG %

VEAE T B AR P BORS RE A (AT R T A5 2
£2 BBARE B DR DU K

Table 2 Hamming loss of different algorithms on each dataset
Ak MDMR SCLS  MFS-MCDM SSFS RFSES DRMFS DSMFS DMMEFS SLMDS LMDG

Yeast 0.2084(6) 0.2148(9) 02102(8) 0.2209(10) 0.2091(7) 0.1991(2) 0.2006(3) 02028(5) 0.2022(4) 0.1977(1)
Emotion 0259 1(10) 0.2426(8) 0.2203(3) 0.2533(9) 0.2248(6) 02220(4) 02254(7) 02187(2) 0.2231(5) 0.2144(1)
Scene  0.1325(9.5) 0.1325(9.5) 0.1055(6) 0.1298(8) 0.1260(7) 0.1025(3) 0.1044(5) 0.1013(2) 0.1035(4) 0.1009(1)
Image  02170(8) 02270(10) 0.2040(5) 0.2188(9) 02108(7) 0.2060(6) 0.1986(3) 0.1960(2) 0.2034(4) 0.1894(1)
Flags 0.5934(6) 0.6330(8) 0.5802(3) 0.6413(9) 0.6462(10) 0.5780(2) 0.5833(4) 0.6000(7) 0.5886(5) 0.5692(1)
Genbase  0.0026(4) 0.0320(8) 0.0342(9) 0.0428(10) 0.0029(6) 0.0024(15) 0.0026(4) 0.0024(15) 0.0048(7) 0.0026(4)
CALS00  0.9660(10) 0.9653(8) 0.9640(7) 0.9658(9) 0.9638(5) 0.9636(4) 0.9635(2.5) 0.9625(1) 0.9639(6) 0.9635(2.5)
Enron  0.0498(7) 0.0517(8) 0.0536(10) 0.0495(6) 0.0522(9) 0.0482(2) 0.0483(3) 0.0487(4) 0.0493(5) 0.0479(1)
Computer 0.0398(7) 0.0404(8) 0.0408(9) 0.0409(10) 0.0394(6) 0.0390(3) 0.0387(2) 0.0391(4) 0.0393(5) 0.0382(1)
Recreation 0.0609(8) 0.0635(9) 0.0645(10) 0.0596(5) 0.0600(6) 0.0576(3) 0.0568(1) 0.0577(4) 0.0607(7) 0.0569(2)
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Table 3 Ranking loss of different algorithms on each dataset
Ak MDMR SCLS  MFS-MCDM SSFS RFSES DRMFS DSMFS DMMES SLMDS LMDG

Yeast 0.1845(6) 0.1935(9) 0.1867(8) 0.1997(10) 0.1851(7) 0.1723(2) 0.1745(3) 0.1746(4) 0.1772(5) 0.1719(1)
Emotion  0.2250(10) 0.1991(8) 0.1946(6) 02181(9) 0.1981(7) 0.1853(3) 0.1884(5) 0.1839(2) 0.1877(4) 0.1798(1)
Scene  0.1371(7) 0.1652(10) 0.1111(6) 0.1486(9) 0.1422(8) 0.0983(3) 0.1000(5) 0.0972(1) 0.0991(4) 0.0982(2)
Image  0.2604(10) 0.2500(9) 0.2063(4) 0.2280(8) 0.2189(7) 02121(6) 0.1996(3) 0.1992(2) 0.2086(5) 0.1875(1)
Flags 0.1813(3) 0.2482(10) 0.1823(4.5)02078(8) 0.2102(9) 0.1823(4.5) 0.1771(2) 0.2021(7) 0.1833(6) 0.1734(1)
Genbase ~ 0.0062(2.5) 0.0499(9) 0.0480(8) 0.0804(10) 0.0079(7) 0.0062(2.5) 0.0062(2.5) 0.0062(2.5) 0.007 1(6) 0.0067(5)
CALS00  0.1819(6) 0.1834(10) 0.1820(7) 0.1832(9) 0.1817(3.5) 0.1818(5) 0.1813(2) 0.1823(8) 0.1817(3.5) 0.1812(1)
Enron  0.0887(4) 0.0958(9) 0.1006(10) 0.0899(6) 0.0954(8) 0.0884(3) 0.0875(2) 0.0895(5) 0.0919(7) 0.0871(1)
Computer  0.0936(8.5) 0.0918(7) 0.0964(10) 0.0936(8.5) 0.0912(5) 0.0901(3) 0.0862(1) 0.0902(4) 0.0916(6) 0.0863(2)
Recreation 0.1842(8) 0.1928(9) 0.2029(10) 0.1760(6)  0.1723(5) 0.1718(4) 0.1646(1) 0.1669(3) 0.1814(7) 0.1652(2)

¥ 0.1543 0.1670 0.1511 0.1625 0.1503 0.1389 0.136 5 0.1392 0.1410 0.1337

F4 SEIRE LARBIERE
Table 4 One-error of different algorithms on each dataset
ER7S MDMR SCLS MFS-MCDM SSES RFSFS DRMFS DSMEFS DMMFS SLMDS LMDG

Yeast 0.2465(8) 02475(9) 0.2421(7) 0.2486(10) 0.2414(6) 0.2251(3) 0.2233(2) 0.2268(4) 02321(5) 0.2201(1)
Emotion  03762(10) 0.3218(8) 0.2772(2) 03416(9) 0.3020(5.5) 0.3020(5.5) 0.3030(7) 0.2723(1) 0.2901(4) 0.2842(3)
Scene  0.3679(8) 03729(10) 02977(6) 0.3691(9) 0.3532(7) 0.2679(2) 02717(4) 02692(3) 02722(5) 0.2617(1)
Image  0.4650(9) 04850(10) 03850(5) 04110(8) 03980(7) 0.3700(4) 03630(2) 0.3650(3) 03900(6) 0.3420(1)
Flags 0.1563(8.5) 0.2031(10) 0.1406(5.5)0.1500(7)  0.1406(5.5) 0.1094(2) 0.1188(3) 0.1563(8.5) 0.1250(4) 0.1063(1)
Genbase 0(3) 03920(8) 0.4221(9) 0.5327(10) 0.0030(7)  0(3) 0(3) 0(3) 0(3)  0.0020(6)
CAL500  0.0898(9) 0.0898(9) 0.0838(6.5) 0.0898(9) 0.0790(3) 0.0790(3) 0.0778(1) 0.0838(6.5) 0.0826(5) 0.0790(3)
Enron  02539(7) 0.2832(8) 0.3195(10) 0.2411(5) 02846(9) 0.2245(1) 02263(3) 0.2314(4) 02442(6) 02252(2)
Computer 0.4460(7) 0.4493(8) 04497(9)  0.4610(10) 04310(5) 0.4265(2.5) 0.4265(2.5)04283(4) 0.4386(6) 0.4218(1)
Recreation 0.6680(8) 0.7123(9) 0.7453(10) 0.6299(5) 0.6321(6) 0.5973(4) 05667(1) 0.5820(3) 0.6607(7) 0.5739(2)

¥ 0.3070 0.3557 0.3363 0.3475 0.286 5 0.2602 0.2577 0.2615 0.273 6 0.2516
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Table 5 Coverage of different algorithms on each dataset

Bk MDMR SCLS MFS-MCDM SSES RESES DRMES DSMES DMMEFS SLMDS LMDG
Yeast 6.5420(6)  6.6772(9)  6.6205(8) 6.7263(10) 65767(7)  6.3850(2)  64161(3)  64308(4) 6.4652(5) 6.3738(1)
Emotion ~ 2.1832(10) 2.0990(8)  2.0297(6) 2.1634(9)  2.0564(7) 1.9802(2.5) 2.0178(5) 1.9802(2.5) 19881(4) 1.9554(1)
Scene 0.7860(7)  09331(10) 0.6597(6) 0.8445(9)  0.8144(8) 05952(3) 0.6050(5) 0.5836(1) 0.5992(4) 0.5925(2)
Image 1.3250(10) 1.2700(9)  1.0800(3) 1.1790(8)  L1630(7) 1.1300(6)  1.0840(4) 1L0750(2) 1.1180(5) 1.0330(1)
Flags 3.6308(2)  4.0462(10) 3.6769(5) 3.8400(9)  3.7692(8) 3.7077(7)  3.6462(3)  3.6615(4) 3.6831(6) 3.6246(1)
Genbase ~ 0.5729(2.5) 1.7085(9)  1.6181(8) 2.5779(10) 0.5809(6)  0.5729(2.5) 0.5729(2.5) 0.5729(2.5) 0.5849(7) 0.5779(5)
CALS00 129.2096(8) 129.3353(9.5) 128.4850(7) 129.3353(9.5) 127.7300(5) 127.4100(3.5) 127.4100(3.5) 127.330 0(1) 127.7800(6) 127.358 1(2)
Enron 12.8006(5) 13.4128(9) 13.6218(10) 12.8408(6) 13.3760(8) 12.7260(3) 12.7090(2) 12.7560(4) 13.0910(7) 12.5648(1)
Computer  4.4740(8)  4.4113(7)  4.6130(10) 44853(9)  4.3855(5) 43634(3) 4.1778(1) 43797(4) 44035(6) 4.1811(2)
Recreation  4.9120(8)  5.0583(9)  53053(10) 4.7549(6)  4.6797(5) 4.6726(4) 45333(1) 45820(3) 4.8719(7) 4.5433(2)
B 16.644 2 16.8952 16.7710 16.8747 16.5132 16.3543 16.3172 163352 16458 5 16.280 4
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Table 6 Average precision of different algorithms on each dataset

RIS MDMR SCLS  MFS-MCDM  SSES RFSFS DRMFS DSMFS DMMFS SLMDS LMDG
Yeast 0.7416(6) 0.7307(9) 0.7374(8) 0.7223(10) 0.7411(7) 0.7582(2) 0.7566(3) 0.7558(4) 0.7514(5) 0.7591(1)
Emotion  0.7349(10) 0.7640(8) 0.7871(2) 0.7491(9) 0.7665(7) 0.7792(5) 0.7777(6) 0.7854(3) 0.7794(4) 0.7906(1)
Scene 0.7773(8) 0.7608(10) 0.8175(6) 0.7694(9) 0.7799(7) 0.8364(3) 0.8336(4) 0.8371(2) 0.8333(5) 0.8388(1)
Image 0.6979(9) 0.6944(10) 0.7449(6) 0.7348(8) 0.7376(7) 0.7528(4) 0.7613(3) 0.7619(2) 0.7495(5) 0.7736(1)
Flags 0.8462(4) 0.8024(10) 0.8425(6.5)0.8372(9) 0.8411(8) 0.8444(5) 0.8495(3) 0.8425(6.5) 0.8564(2) 0.8619(1)
Genbase  0.9939(2.5) 0.7342(8) 0.7071(9) 0.6191(10) 0.9904(7) 0.9939(2.5) 0.9939(2.5) 0.9939(2.5) 0.9923(5) 0.9917(6)
CALS00  0.4965(7) 0.4937(10) 0.4971(6) 0.4944(9) 0.4986(3) 0.4976(4) 0.4990(1) 0.4958(8) 0.4973(5) 0.4987(2)
Enron 0.6571(7) 0.6376(8) 0.6191(10) 0.6607(5) 0.6331(9) 0.6720(2) 0.6700(3) 0.6679(4) 0.6582(6) 0.6736(1)
Computer 0.6325(6) 0.6318(8) 0.6215(9) 0.6204(10) 0.6397(5) 0.6417(4) 0.6456(2) 0.6436(3) 0.6323(7) 0.6490(1)
Recreation 0.4807(8) 0.4471(9) 0.4241(10) 0.5060(5) 0.5053(6) 0.5273(4) 0.5515(1) 0.5397(3) 0.4865(7) 0.5453(2)
] 0.7059 0.669 7 0.679 8 0.6713 0.7133 0.7304 0.7339 0.7324 0.7237 0.738 2
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Fig.1

Comparison of the Hamming loss of each algorithm as the number of selected features increases
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Fig.2 Comparison of the Ranking loss of each algorithm as the number of selected features increases
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Fig.3 Comparison of the One-error of each algorithm as the number of selected features increases
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Table 7 Results of ablation experiments on the three datasets

EAEES Bk HREEETES HeFE Ak FEIREE R SRR
LMDG-1 0.1925 0.198 6 0.3546 1.0830 0.763 5
LMDG-2 0.2022 0.205 6 0.3536 1.0750 0.764 6
Image LMDG-3 02123 0.204 6 0.368 3 1.1250 0.7552
LMDG 0.189 4 0.187 5 0.3420 1.033 0 0.773 6
LMDG-1 0.198 2 0.174 6 0.2231 6.3750 0.757 4
LMDG-2 0.2022 0.1772 0.2325 6.402 0 0.748 2
Yeast LMDG-3 0.208 4 0.1789 0.2321 6.4152 0.745 8
LMDG 0.1977 0.1719 0.220 1 6.3738 0.759 1
LMDG-1 0.2156 0.180 4 0.2710 1.980 2 0.787 7
LMDG-2 0.2232 0.1832 0.2772 1.983 4 0.789 2
Emotion LMDG-3 0.2184 0.184 4 0.2823 2.0297 0.779 1
LMDG 02144 0.179 8 0.284 2 1.955 4 0.790 6
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Fig.7 Experimental results of parameter sensitivity of LMDG algorithm on Scene dataset
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