A4 4R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2014,25(9):1992-2001 [doi: 10.13328/j.cnki.jos.004641] http://www.jos.org.cn
O [E B2 e A 5T B AT A Tel/Fax: +86-10-62562563

ETXEREMMSIRIDEI &%
£ &% xR

(AR RE SRR S TR RL LN B 210096)
2T EIHL I 48 0 A B AR AR U 30 T 0 00 = (AR R ), 119 F A 210096)
WIHAEE: HKBUR, E-mail: zhangml@seu.edu.c

W B EZHRFIERY ENATEE—ATH(BEG B, IR LA Z AN LA IFE L TH G % 47D
3] ik A w6 R RGN R 60 Bt A B T ETR A ARSI TN F R M, 3% RS R — R R R KL
HRBAETFTEMFCTRELA L O I A QLR TEAMRRX, B TR EINT A TART LB B HHTEA
%47 3] ik LIFTLIFT &AM T3 E BEME L 5 £AEA )| %4 LIFT 4 L@ AArit) E£ S A& 74 b
AT R E DA M IZATITH LB B R G AR A ATITH KB B )| SRt B 6 — R 5 AR IR LIFT %
A G kR, H R T 5o 3 A BA7R R BB HMEAE A F EIL LIFT Fike) 3 A Z4k——LIFT-
MDDM,LIFT-INSDIF »A & LIFT-MLE.f 12 A~%k35 & F 3047 7 20 200 BaE T £ B Bbkat 2 4703 3 A bk fbed
FoRA B LIFT R 69 K B B AR 3% 77 ik 697 201

KEBIR: B F T ZAFTF KBRS AR R

PEESES: TP181

or gl A R KRR TR B M1 2 bRl % 2 R B 2% 41,2014,25(9):1992-2001. http://www.jos.org.cn/
1000-9825/4641.htm

B 5| K0 Wu L, Zhang ML. Research of label-specific features on multi-label learning algorithm. Ruan Jian Xue
Bao/Journal of Software, 2014,25(9):1992-2001 (in Chinese). http://www.jos.org.cn/1000-9825/4641.htm

Label-Specific Features on Multi-Label Learning Algorithm

WU Lei'?, ZHANG Min-Ling'?

!(Department of Computer Science and Engineering, Southeast University, Nanjing 210096, China)

%(Key Laboratory of Computer Network and Information Integration (Southeast University), Ministry of Education, Nanjing 210096,
China)

Corresponding author: ZHANG Min-Ling, E-mail: zhangml@seu.edu.c

Abstract: In the framework of multi-label learning, each example is represented by a single instance (feature vector) while
simultaneously associated with multiple class labels. A common strategy adopted by most existing multi-label learning algorithms is that
the very feature set of each example is employed in the discrimination processes of all class labels. However, this popular strategy might
be suboptimal as each label is supposed to possess specific characteristics of its own. Based on this assumption, a multi-label learning
algorithm named LIFT is proposed, in which label specific feature of each label is utilized in the discrimination process of the
corresponding label. LIFT contains two steps: label-specific features construction and classification models induction. LIFT constructs the
label-specific features by querying the clustering results and then induces the classification model with the corresponding label-specific
features. In this paper, three variants of LIFT are studied, all employ other label-specific feature construction mechanisms while retaining
the classification models induction process of LIFT. To validate the general helpfulness of label-specific feature mechanism to multi-label
learning and the effectiveness of those label-specific features adopted by LIFT, two groups of experiments are conducted on a total of

twelve multi-label benchmark datasets.
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TE 2 bRic 27 ST HESE TR 6 T IS 5 b (il — AN 0E 5,2 2 R G A i A\ 2% 1) FH — A7 481 O 12 1) ) 0 1) 12 0k
G B, 7 Bt A TR SO0 AR i SR AR 1O B B SR B 2 bR 0 2% ST I B AR o BRI b R s R 2 A
T A B 5 42 T AR A 15320058 28 T LA 25k b T A WL 7 451 £ T AT AR D 28 S b U A s s 1 D v 77
TEAR 2[Rl ] B AT 22 M UGS SRR 5400 75 SRS 43 28 T, — e B A b <R 0 SCRY ARG T RE ] i 2 A
Fric e 54 Z2 W g py b i I o, — 1 % T B () I LA bR RS DA R ML T

A, B B X=R 8K d 4EMIRBEIZS10,y={1,],... I AR B q DZEGIFRIC LR FRIL A 17, 2 bR %
SRS HARFEF 2045 D={(6, Y1 <i<m} 231138 N2 hiX-2Y H 3t T4 D5
TCREAR(G,YD),xieX A d GEREAE ] B (X1 Xios - Xia) ,Yicy K7l xq BIAH AR 4R & 6 FATAT — AN K Mo il xeX,
ZhRd s EAE YR AN LA SCHR i & h()y FEIR 21500 1, 205 10 2% ) R eI i H 6 B T — 21 S5 e
B {f 1o F b o BRI L fe X >R K< q) AR R T 8 A 00 1275 0 A B AR I 7 ) 1) AF DG AR 10 e I, Fodk
(1122 bric 23 FE 0T )= {I[fe()>0,1 <k <q} . 7ERL 251 10 E B0 I T KSR A 2 ARic 2% 2] Sk ik sk iy
V2 SR FH P L T) S s A P A [0 7 e ek 6 T e A 1) 288 0 A 4 )35 00, 22 A1 2% 2D RGEIR R g ANS{E R
Ho(f b, fo A2 HAH RN & M4 G Ul 2545 2 1.

S IR SR R R v RIS T AR K T AR 2 T e I A e Ak 8 25 4 ke 1, 78 EUHGUE SUbR T R 4
RO, FRATT AT BLIA g B A O 1 JE P (color-based  feature) 7t ) i K 7IX —FRic 447 U SO i 80 HE
A 1 & M (texture-based feature)£E W VP IX — b1 L&A 1 RS  4E SCAR 43 2N b A& < BURF . “K
67 SV (1 Ja P A T BUR 7 IX — bRl B i I RO I AL B “GDPY 4R B A5 3RV 1 i P A A e 2
X bRl LA I R R LI s T AN RS B, AN R B 2 FGE U BRI i 2 a8 E
T IR X L SUF R R Pk e L AR E T B R A L B B R ) MR X R 2 5 % bRl B AT
I X ARG EL A A RS 77 B E A BR 28 8 2 (label-specific feature). 3 T- I, SCHR[O] P R HH T — 3k T-2%
JE BT 2 bRt S5 LIFTAXE 0 A A D 32K )8 S Y 1E 5 4 AR I 25 15 58 LIFT 755 d
Iey [ IESSINZRAE AT G INZRRE A b oy I EAT 582800 7 ) SR 2 4 M s b ic | 2R I ks8R )i R H s
MR R R B A Z AR I R — A T2 B f e XoR(I<<k=<<q), L 58 M2 brid 2% I 4155

A SCAEAR B LIFT 20 BB G5 7 0 R i), % 52 T 3 40 3 i 22 b 28 Ja M A 3 AL, AT 53 LIFT # 3
P2 A ——LIFT-INSDIF,LIFT-MDDM L) J¢ LIFT-MLF.J# i 76 12 A $dls 42 Fab AT i) 41 5256 30 F 7 28 Ja 1tk
Xt 2 FRic 2% S R G RE I s2 g BL K LIFT K (28 e e v i 5 v 1 2.

AL 1WA SCHR9] AR I LIFT HVE 56 2 WA 2 haid 2 2 h a1 3 Fim i3 ik IR T itk
WUk LIFT 1) 3 AR AR EE 2 3 W R A SIS H /B LSO B SRR 4510 irsE e — A
SCUAEHEAT 4.

1 LIFT &%

22 hR 57 23 ) S R Bkt 1 L A R 2 T ) 2R 0 A i R 2 0K Bt o A SR 8 A OSBRI DA
A9 AT 288 P Xl i Y 22 ) 3o DK A PR B A, ) P A 8 2 ) (R AH 5G4 i 2R 6 (K2 AR R A DA S 2 i 2 2]
A B O b, T 2 b 2 ) TR — A U IR T T SR A Y 2 I (R 2 )L 2
SRR AL 1 (KA DA, D 458 20 SR iy N 4% 1) (R A 225 0 ). A5 A SRS AN [, SCRIR (9]0 3o e 3 288 i J A1 0 i A\ 4 1)
(IVERIEAT 75 5 AR T 245105 2 HA LIFT.

E Z AR LI AE D={oaYDIl T mb, i 3 T4 — A Z AR FEA 06 Y)eX S d e i ok 1) &
(Xi1:Xizs - Xia) |, Yicy A& /R ] x; (KA AR 8 A 6T 0, LIFT S35 100 1 19 A0 B T 42t 05 258 k.

1) ) s PR

%D B LIFT B H BAE T W @R PR I0 B 28 8 vk, DLPE s 2 bRl 5 2] REUH 5 ) E g Oy T ik 313X
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A H ), 75 B SR FRac T RAYAS (1) N 78 2 . B AR SR U8, 5 T bRl ey, Ho IERIR B4R & 15 5 KR Bl 4R & 4y
il
P ={x1(x,Y) e Dl €Y}
Ny =% [(%;,Y,) € D,l, €Y}
e t) 1l UELPy 5 Ny 20512 1 B A FRIE | s 6] 58 BRI 1 sl 2 4 &
KT HEES P S N WYL LIFT E AN E S B2 i 347 28 253 M7 (clustering analysis). SCHR[9] K
JH 67 B HL 0 R0 k-means S HEAT BT AEBLAG A Py i my AN ALLE A (pf, pk,.., pl';;} M 5
B N Y e AREIEHLDAE nfony.ny§ T RO AT REAT 5 B S B AS T4 1 R (M0 P <<|N)"™LLIFT ¢ Py 5
Ny MERE RO SR E IS, M mi =m, =m, a0k, v BUIA R 2 X 1IE 2R 7R 6 5 67 7R 6 1) 2R 25 M5 B R
T ) AR LA R0, LIFT K Bl B2 45 Py 5 Ny ISR BN 2 A
M=l r-min((Pyl.[N) | @)
o |- [IR B4R A 1034, H. re[0 123 HIER BN S 40
FH 2R 288 [ T 001, Py 5 N A SR 28 v O 20 33K A A 4 45 #5000 10 1 £ 85 A DR e 3R 2 o i LA P14
AR I 2 I AT B 2 S R P R N R T AN AR d 4ESE A X BET 4IRS R Z s
P X—Z(1<K<Qq).LIFT #4011 ~ A& X o
P () =[d (X, p)s-rd (X, Py ),d OGN, d (X, 15 )] ©)
FLrp A,y I [ET 4 1) 2 T (1 P 8, SRR [9] A 152 Ty KK G 5.
2) SRR &5
FEZL B LIFT A 2D sh i i 128 8 s vk o3 A 25 q AN RIS, fg ) S OB 0k S0 T
Frid ey, B SEH 4 RS o AL Z54E D 03t JLAR I 1 28U 254K BT
BTi= {(@d(x). (Y1, l)|(xi.Y) €D} )
o 2 e Ya U (Y L) IR 1R+ 1575 W JR [ — 136 F 2R YNGR BT, nf LA FIATATT— Bl =280 8500 B 22 )13 31
FRIC I XY 1 2 FAE . £ Z - R.
T AR 7R] ue X, HAH Az i 44 an 77 T :
Y={I/f(@(u))>0,1 <k=q} )

(M

LIFT Fh A9 W SCHR9].
2 ZiRcEBERBRMEVLE

W % b ic 2% 3 0 80 18] 5 00 7 VR R o 2 bl 2 ) ) B B sl g ANMAE BT ) Ay K )
R A — A o 2R ) UK T b A 2 ) R — S 2R AR a3 T Boutell 25 AAESCHR[STH R H T 2 hr1d 2%
3] %% Binary Relevance(BR). £ 5 2% k AMrid 1, BR B e iZAric i) — BN D= {(x, A 1)) 1 <is<m}.
BT A BB O 19 R B B I — A A5 g X R ZE TR I B, % Tk Wor ] x,BR % g 4
TR RS B TIOIN 4 ST A 1% R R AR SRR R A B Y= gk(¥)>0,1 <k=q}.

T UL BR O H % S A3 SR A (I S5 B B T A [ A S 2k 1) = B AN A g 6 2 JE P R R
P X=X <k<q).[H 1, BR AT LB AE LIFT 595K — AN E LA (degenerated version).

WS 1 A HTIR, 2 AR 10 2 8 JE PRI AR BT T B T AR d o SR kR IR X BRI o 4 A AR ) Z, (R
W ocX>Z(1<k<q). P, ASCKS 1 3 FPkT 2 haid 88 BN LIFT 484k 5 ——LIFT-INSDIF,
LIFT-MDDM L) & LIFT-MLF. 3 b S 845 A b ac 1) - 28 43 A0 A5 F A (5] 1) Jeg Pk 1) & R AT U 25, i 3L 2845
A (K SRl FE 5 LIFT fR4F 20

e LIFT-MDDM

L bR A0 B4 S — Bl T 22 b c R M 0 07 AR e, B AT 1A T 4R L A — ol i 2o i S 1) 22 i R 4

© PERREERSMROT  httpy/ www. jos. org. cn



25 F A TEREREWY S LFE) ik 1995

#y: MDDMUPIRg @ LIFT ({74445 LIFT-MDDM.MDDM i FH 7 /R AF1%%5 - i %5 4% $ 37 b7 7E (Hilbert- schmidt
independence criterion, fif A% HSIC)& & il 4f J& 2 2% 0] X Flkric 2510 y 1 5CHEfE (dependency), il i 5 KAk % 5 Bk
J sk A5 dxd’ 4l 2 PR EE H A B P(d'<<d). 55 ¢, LIFT-MDDM %t %5 AN b330 19 25 g e 1 Wi ) 77 308 3o S B P g e,
P()=Px(1<k=0) (6)
e LIFT-INSDIF
WA LG T R, — AR G A 2 R0 5 SUE I R DRFE T, 1200 % ) I A0 8 1 il A 3 28 43 ST . DAL ot
HE B A P s 8 ok 7 oA P 22 A R 3R — A % 5 i 6 B Lt 200 i 00 52 1 22 ER A A R UL T, 3R
A FH 22 b i 2% > S35 INSDIFU S e 48 i) J 1k e 7 v Mgt LIFT (2845538 LIFT-INSDIF.J# i ¥ /= i) x 15
FANFRIC I IR AL Pi={xi|(X;,Y) €D, e Yi} F Ry 3R 22 INSDIF K 7 491 x 5 e Jil /1 g /> 7 49 41 e iy s 491 4

B, 0 1 <k <qy, Jofr, X = x_ﬁzpepk p .17 44 LIFT-INSDIF B X/ 12 10 S8 R P
k

1
X)=x® =x-—>3 7
?(X) X pen P N

e LIFT-MLF
73— 2 KA T 40 L 1 S5 P 1) X R T I P (meta-level feature), A %0 75 i AT B 2
I f) 56 R A e BATIAE I 579 MLFY I () o 20 J 44 4 07 35, S8 LIFT A8 4R S13% LIFT-MLEMLF &4 7R
{5 x e 45 Q-(3r+2)4E R TCUR P ) RELYOG),- . pOG )L P O ) (1 Sk Q) BRI x 15 Pyt v T4
FEANIE 1 3r+2 4 e Jm 2 AR UL, wix L) e B x 53 r ANEARAEARN L2 BEg. L1 JER. Koz
K5 P L2 PEE . RIZEE BN 45 A T /3 LIFT-MLF g5 B A b (90283 I 1 e
A= (%l (®)
B ] 00, LA E A48 1) BR,LIFT-MDDM,LIFT-INSDIF,LIFT-MLF Bl % LIFT #5&— ¥ &E0 K% fehrid 2
T P9 S . T B, 3 B9 (0 X ) £ 288 D i e (e 5y AR ) 28 40 B 0 (g ) i it o 4 — B

3 X I

31 #HiEE

XS S={(, YL <i<<p}, AL HS|,dim(S),L(S) & F(S)7r Ml Fm FEARANHL Jm PEAH hrid N Hh
B MEZSAL R IE 2 A0 A BUIE 4 T LRI 22 b i B SR (1 2 v 4 1)

LCard(S) :ip P 1Y; | hRid S K (label cardinality), 145 A RE A FLAT I P 38 A DGR AN 5L

LDen(S) = ﬁ LCard(S) 4 it! # & (label density), HJ By & i A $0H — H AR 10 L5

LDiv(S) = {Y | (X,Y) € S} | :krit Z ¥E 1 (label diversity), B B 4 oo A [F] br i 22 4 4
PLDIV(S) = ﬁ LDIV(S) 17— 1o bk el 25 Bk, H ph RE A /N 300 — A PO A 74 i 4.

X1 R EPEAZN 2 DS T AR SCSEER BT F 40 82, i S 6 AN AR 1) Hid B2 (IS|<<5000) L X% 6
AN RIS ) B8 £ (1S|>5000). 1L A1 AR 35 15051 5 SCAR L HE 42 rev(subsetl),rev(subset2),eurlex(subject matter) A
Je tme2007 4 SRS AU SEA T T B A 0 B L rp SCORS A R 05 0 1) 2% 1) T AR PR A e 2 R b

M 1 ATELE X 12 MR R T IR 2 SEBr A A, HH 2255 0 P 0% AN AR ). He ke o] WA S0 S e
JIT FH R S A A B A 78 43 FL AT 1, L A 0 R R 12
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Table 1 Characteristics of experimental data sets

R 1 KRB AR

Data set 1S dim(S) L(S) F(S) LCard(S) LDen(S) LDiv(S) PLDiv(S) Domain URL *
enron 1702 1001 53 nominal 3.378 0.064 753 0.442 text URL 2

image 2 000 294 5 numeric 1.236 0.247 20 0.010 image URL 3

scene 2 407 294 6 numeric 1.074 0.179 15 0.006 image URL 1

yeast 2417 103 14 numeric 4.237 0.303 198 0.082 biology = URL 3
slashdot 3782 1079 22 nominal 1.180 0.054 156 0.041 text URL 2
corel5k 5000 499 374  nominal 3.522 0.009 3175 0.635 image  URL 1

rcvl (subsetl) 6 000 944 101 numeric 2.880 0.029 1028 0.171 text URL 1
rcvl (subset2) 6 000 944 101 numeric 2.634 0.026 954 0.159 text URL 2
bibtex 7395 1836 159  nominal 2.402 0.015 2 856 0.386 text URL 3
corell6k (sample 1) 13 766 500 153  nominal 2.859 0.019 4803 0.349 image URL 4
eurlex (subject matter) 19 348 100 201  numeric 2.213 0.011 2 504 0.129 text URL 5
tmc2007 28 596 981 22 nominal 2.158 0.098 1341 0.047 text URL 6

URL 1: http://mulan.sourceforge.net/datasets.html
URL 2: http://meka.sourceforge.net/#datasets
URL 3: http://cse.seu.edu.cn/PersonalPage/zhangml/index.htm

3.2 KWIRE

W TR AR BE AT 2 AR 0, Sk ZE I SRR L PPN SR AR LIRS S (accuracy) . A HE R (precision). # 42
(recall) 575 2 b ic % 3 AN FEIE A LR B2 ad IR AR b T={(x;, YDl SI<<t}, 2 hrid 2% 2 R 1 g AN SE 1
BRBOh (F 6, R TEASCI S5 i FRATTAE T 5 B0 EFRE AT Z AR VR PR AR 22O VAN 2 2 R G T R

e Hamming Loss

HLoss: () = 37| XA, |

Horp hoa)y={dfi(x)>0,1 < k < g} F I T2 Bl xq B AH 5% b 1 4 A A0 8] 5 4R 5 2 (0] 19 6 B 22 (symmetric
difference). 1% PN 13 b5 2% SEFEALE HLANBRIC L (013 23 A% B, BV AR SRR 0 B I O 6 SR b i, B T8 R b il ¢
TR A AR AR A VA Fi bR U N R G P e A, I de (B 0.

e Ranking Loss

RLOSS: ()= 2ot )| 6,00 < 600, ) 233

VPO SR AR A DR HE Y AR A0 (9 EE A, BT, S AR AE HEAE A S ARIC Z 1 LU A% PP A SR AR I B,
WU 2 G e, I L B AL A 0.

e  One-Error

t
One-Error; ()= %Z[[[arg max,_, fi(x)]¢Y, ]],
i1

Ferb 28 e SE I TRl [ 1575 IR [B] 0. 3% VPO 48 bRl AR A 1R B AR 0 HE P R SR 1 AL IRRic A2
FHRARIC HIREA DT o (1 B A% VE A i b/ U 2R Gedk RE A, I s AL 0 0.
e Coverage

t
Coverage, (f)= %Zmax,dl rank, (x;,1)—1,

i=1
b ranke(xi, DX B AR T ARYE {F(x0),F20X0), . Fq(xi) } FREL B )3 1k 3 5 T Ak ) 467 B 2R P bn A s 7R AR T
L [ B A AT A OGRS AT 1 2 A R R B AV R bR B R/ U 2R e R, L s A 1.
e Average Precision
C1& 1 P [rank (1) < rank (x;,D.1" e Y} |
AVgPreCT(f)_t;wi |.ZY rank, (x;,1) '

GV AR 5 SEAEFEA IORR L HE 7 7 21 0 A AR AT OGAR A0 Z B B RS 470 D AR SGAR D 1R B B A% P4
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T bR BB, ) R e 1k R LBk, S e A 1.

h AR % L, A SO I B DARR B N0 LSY B VPN F845 Coverage MUK 1k 2 X (] [0,1]. R 3 FREAR B VPN 35
B B 5B B 5 3 R G AL A MRAE AR 11 43 2 1k B8, 4R V5 IR [T 3 A MR A I B A A e & 45 R

AR A SR T ] — I TARIC A 4545 Macro-averaging AUCEY 5 5 T REA (KRN Fa 45 AN [, 3 T 4%
R MVE FEAR 1 e i 5 X REAE A PR o 2R AR 5 IR BIFE TG dnid LI EAE i & 45 R

e Macro-averaging AUC

auc, . -1 i‘ XD RO Z B OO X) €Ty xTid |
qi= [T 1T |
Hp Ti=xilke Yl <Si<t}, T = {x; [ L 2 Y, 1 i < t} 28 B B P 1 A AL A SRS HFRD 1 1
MR REA R & AHASE R, iR AR T AUC 5 Wilcoxon-Mann-Whitney 4t v AR H.5 28 5 H1 22 gk 4,
VAN i br B R, R G0 M R, L AR AN 1.

ASCH L 6 PR BId 12 MR AR S8 45 L £ 5 BR,ML-KNN,LIFT,LIFT-MDDM,LIFT-INSDIF
PA A LIFT-MLFAR$E SCHR[9], B € LIFT IS4 r=0.1; M 95 SCHR[23], % E ML-KNN [z 484~ % k=10;%F T
LIFT-MDDM, A 15 i SCR$F — B0, 42 il 7 480 i Her i 2 ) 4 5 (RN o) R 240 thr B8 4 99.9%; 4] T+ LIFT-MLF, A7
RIS 1) SR 0TI AR AN 1 AEIX TAI[10, 100130647 PR 5, FF e 408 ) 10 AR, 20 T %65 Ee i & 7 i G R I 2
R RAIE I L ME % LIBSVMPY,

33 RN

FEAEA B A b AR FH BRI FE L HL 50% AR A B ZREE, 4R T 1K) S0%AT A AL e I 4R il A i 2
FA 10 KHCTE 10 RSLK K E Ay 2.

ARSCILA PSR EG 2 1 40K B E 288 R ALY BR LA B ML-KNN 5095 5 R F 25 Jg dE AL )
{5532 LIFT,LIFT-MDDM,LIFT-INSDIF L 2 LIFT-MLF 3475 b, H 76 T 3645 288 J8 PEHLHI T 22 Frid 22 2T
S 2 409 LIFT 5443k LIFT-MDDM,LIFT-INSDIF,LIFT-MLF 347} tb, H 7E T 5 30F LIFT B 125 )s
B T A T VI R R

F2HRIHHT 6 MEIETE 12 MR B0 SEI0 45 W, 50 50 45 SR FH 15 7 (meantstd) 1) JE R 7R,
St FAEA VRN 5 b5, T2 7 H AR B K, 1k 6 A0 0 I 3, 4 28 7 HE A B/ B A . b b 5t B 92 v e R ) 3k 2
1) &5 S AL ] A b

T 1 4 SEE /A4 MG T BROIML-KNN 5 LIFT & H AR EETE 12 MR . 6 N84 L
72 A% g5 R 5 LIFT 1 LIFT-INSDIF AH L6, BR ¥ A i H 1) 15350 5 LIFT-MDDM A1 L H B A5 BN o 5.56%;
5 LIFT-MLF A5, i 55 00 &7 44.44%. 5 LIFT,LIFT_INSDIF LL & LIFT MDDM A b, ML-KNN Ji: ! i) 4% o,
I3 Y 6.9%,15.3% L 52 30.6%;5 LIFT_MLF A Eb, JHE HE ()5 300 66.7%. Ak BR,ML-KNN 5 LIFT,LIFT-INSDIF,
LIFT-MDDM [ e 45 S w] LA AT 2500 28 i D8 Pk vy AR KRR 8 b 4t v 22 b 2 ) B IR 2 ) Tk g B 19T
B LIFT-MLF FIPE BE7E — L5504t 45 1 e BR,ML-KNN FPE 8 22— AN AT B8 10 R DR, 12 G004 FH A A0 FE A
& IO M 77 A e A A A 1 FR Al B S S8 JE T WL, IR AR BT AT I Ik L e ML IR AR 43 A Ak M A 3 2K
J& .

e 2 BT, BR WA K A& LIFT S H AR (R B IR 1k (degenerated) AR ARy T 3 — D10 IE 2K g JB MEXT £ 4r
W25 S FE B R M0 T RS VRN SR AR, AR SCAE R ot T A 36 (R 45 7K 7 ¢=0.05)%F BR 5 LIFT K H AR {4521k
TG AT (IR 4(2)). % 4) PRI SE B HE—DAEse T LR 58, 2R B @ M R IR R 2 hnid 2 S RE b A r)
W4T IR AB I AR T 10 2 b ic e MR B LRI R b A e 2 B

5% 1 HSERAHFLRAIG U T LIFT &I 3 ANMRREIVETE 12 NMEARE. 6 MR ads B 72 /S5 b4l
J I LIFT HEZE S 1 AL B by 87.5%, HEFEZE 2 (L ANEE 3 AL M- 30 73 A dv 11.11%F0 1.39%, A& HE7E i
S — 0S5 EIBCE 2 AL RE B R A B BA BT AT LA B LIFT B2 SIPEREAR 75, 80 1 i LIFT 9258 s kA i
TR AR A RN,
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Table 2  Predictive performance of each comparing algorithm (meanzstd) on the six regular-scale data sets

FT 2 XHCEVETE 6 ANH AL 4 _F 1 5250 25 . (meantstd)

Criteria Algorithms enron image scene yeast slashdot corel5k
BR 0.060+0.001 | 0.185+0.004 | 0.111£0.003 | 0.201£0.003 | 0.049+0.001 | 0.012+0.001
ML-KNN 0.055£0.001 | 0.186£0.005 | 0.092+0.003 | 0.206+0.001 | 0.053+£0.001 | 0.009+0.001
Hamming LIFT-INSDIF | 0.053+0.001 | 0.184+0.002 | 0.109£0.002 | 0.201+0.002 | 0.048+0.001 | 0.010+0.001
loss ¢ LIFT 0.048+0.001 | 0.163+0.003 | 0.084+0.002 | 0.197+£0.002 | 0.040+£0.001 | 0.010+0.001
LIFT-MDDM | 0.049£0.001 | 0.205+0.004 | 0.107+0.002 | 0.206+0.003 | 0.046+0.001 | 0.010+0.001
LIFT-MLF 0.102+0.019 | 0.245+0.002 | 0.151+0.005 | 0.224£0.002 | 0.120+0.018 | 0.010+0.001
BR 0.308+0.007 | 0.285+0.009 | 0.171£0.005 | 0.315£0.005 | 0.216+0.005 | 0.655+0.004
ML-kNN 0.100+0.002 | 0.194+0.008 | 0.085+0.004 | 0.182+0.003 | 0.178+0.005 | 0.137+0.002
Ranking LIFT-INSDIF | 0.091£0.002 | 0.177£0.007 | 0.094+0.006 | 0.174+0.003 | 0.120+0.003 | 0.135+0.002
loss ¥ LIFT 0.084+0.003 | 0.155+0.007 | 0.069+0.002 | 0.169+0.004 | 0.100+0.003 | 0.131+0.003
LIFT-MDDM | 0.095+0.003 | 0.223+0.016 | 0.089£0.003 | 0.180+0.004 | 0.117+0.005 | 0.142+0.002
LIFT-MLF 0.350+0.070 | 0.364+0.067 | 0.154+0.012 | 0.197£0.003 | 0.3114+0.031 | 0.230+0.008
BR 0.498+0.012 | 0.406+0.012 | 0.348+0.007 | 0.256%0.008 | 0.501+0.007 | 0.849+0.008
ML-kNN 0.32840.013 | 0.356+0.010 | 0.246+0.009 | 0.247£0.010 | 0.670+0.017 | 0.744+0.012
One-Error 4 LIFT-INSDIF | 0.289+0.018 | 0.333£0.013 | 0.269£0.015 | 0.234+0.008 | 0.439+0.006 | 0.696+0.009
LIFT 0.25440.005 | 0.289+0.012 | 0.2124+0.011 | 0.2294+0.011 | 0.430£0.013 | 0.706+0.012
LIFT-MDDM | 0.262+0.016 | 0.422£0.026 | 0.263£0.009 | 0.236+0.007 | 0.406+0.010 | 0.697+0.004
LIFT-MLF 0.627+0.084 | 0.515+0.077 | 0.407+0.027 | 0.252£0.008 | 0.789+0.075 | 0.728+0.014
BR 0.595+0.010 | 0.280+0.008 | 0.158+0.004 | 0.641£0.005 | 0.238+0.005 | 0.898+0.003
ML-KNN 0.265+0.006 | 0.209+0.008 | 0.084+0.004 | 0.465%£0.005 | 0.191+0.005 | 0.312+0.004
Coverage 4 LIFT-INSDIF | 0.249+0.006 | 0.194+0.006 | 0.093+0.004 | 0.458+0.005 | 0.117+0.003 | 0.294+0.005
LIFT 0.245+0.007 | 0.178+0.007 | 0.071+0.002 | 0.458+0.007 | 0.115+0.003 | 0.313+0.008
LIFT-MDDM | 0.266+0.007 | 0.232+0.013 | 0.088+0.002 | 0.472+0.006 | 0.117+0.005 | 0.309+0.004
LIFT-MLF 0.654+0.064 | 0.318+0.047 | 0.142+0.010 | 0.4774£0.004 | 0.2714+0.030 | 0.496+0.016
BR 0.449+0.011 | 0.709+0.008 | 0.771£0.005 | 0.672+0.005 | 0.572+0.005 | 0.101+0.003
ML-KNN 0.609+0.010 | 0.769+0.007 | 0.853+0.005 | 0.744£0.005 | 0.481+0.012 | 0.240+0.005
Average LIFT-INSDIF | 0.648+0.007 | 0.785+0.008 | 0.838+0.009 | 0.756%0.005 | 0.666+0.005 | 0.267+0.002
precision T LIFT 0.685+0.005 | 0.811+0.007 | 0.875+0.006 | 0.763+0.006 | 0.671+0.008 | 0.280+0.004
LIFT-MDDM | 0.677+0.007 | 0.731£0.016 | 0.844+0.005 | 0.747+0.007 | 0.687+0.006 | 0.267+0.002
LIFT-MLF 0.35240.067 | 0.635+0.056 | 0.750+0.017 | 0.721£0.006 | 0.3394+0.014 | 0.248+0.006
BR 0.5794£0.007 | 0.705+0.007 | 0.801£0.003 | 0.565£0.003 | 0.656+0.009 | 0.518+0.001
ML-KNN 0.606+0.007 | 0.813+0.006 | 0.927+0.003 | 0.645+0.007 | 0.5860.006 | 0.530+0.003
Macro-Avg | LIFT-INSDIF | 0.650+0.016 | 0.818+0.005 | 0.910+0.003 | 0.642+0.014 | 0.834+0.013 | 0.600+0.007
Auc t LIFT 0.688+0.018 | 0.844+0.006 | 0.943+0.002 | 0.673+0.007 | 0.847+0.009 | 0.679+0.006
LIFT-MDDM | 0.659£0.015 | 0.782+0.010 | 0.914+0.004 | 0.629+0.012 | 0.826£0.019 | 0.631%0.007
LIFT-MLF 0.498+0.002 | 0.610+0.031 | 0.828+0.007 | 0.574+0.007 | 0.496+0.001 | 0.586+0.009

Table 3 Predictive performance of each comparing algorithm (meantstd) on the six large-scale data sets

F 3 A HRETE 6 N KB 8 B Y 5256 45 AL (meantstd)

. . revl revl \ corell16k eurlex
Criteria Algorithms (subsetl) (subset2) o= (samplel) (subject matter) tme2007
BR 0.031£0.001 | 0.028+0.001 | 0.015£0.001 | 0.020+0.001 0.008+0.001 0.071£0.001
ML-KNN 0.028+0.001 | 0.025+0.001 | 0.014+0.001 | 0.019+0.001 0.008+0.001 0.075+0.001
Hamming | LIFT-INSDIF | 0.027+£0.001 | 0.024+0.001 | 0.013%£0.001 | 0.019+0.001 0.008+0.001 0.066+0.001
loss 4 LIFT 0.026+0.001 | 0.023+0.001 | 0.013+0.001 | 0.019+0.001 0.008+0.001 0.061+0.001
LIFT-MDDM | 0.0274£0.001 | 0.024+0.001 | 0.013+0.001 | 0.019+0.001 0.009+0.001 0.063£0.001
LIFT-MLF 0.027£0.001 | 0.024+0.001 | 0.014£0.001 | 0.020+0.001 0.033+0.009 0.115+0.018
BR 0.27940.004 | 0.251+0.004 | 0.303+0.004 | 0.422+0.001 0.463+0.003 0.216£0.003
ML-KNN 0.089+0.002 | 0.098+0.003 | 0.226£0.006 | 0.175%0.001 0.054+0.001 0.098+0.002
Ranking LIFT-INSDIF | 0.066+0.001 | 0.066+0.002 | 0.091+0.002 | 0.163+0.001 0.052+0.001 0.064+0.001
loss 4 LIFT 0.048+0.001 | 0.050+0.002 | 0.082+0.003 | 0.165+0.002 0.057£0.001 0.051+0.001
LIFT-MDDM | 0.06440.002 | 0.065+0.002 | 0.10440.002 | 0.171£0.002 0.060+0.001 0.060+0.003
LIFT-MLF 0.076+0.006 | 0.074+0.002 | 0.191£0.006 | 0.191+0.005 0.202+0.045 0.684+0.282

© PEEREES AT

http:// Www. jos. org. cn



25 F A TEEREWY S MLFE) Eik 1999

Table 3  Predictive performance of each comparing algorithm (meanzstd)

on the six large-scale data sets (Continued)

3 OTHEEALE 6 AN K HUBEHE 4R 1 A 925 45 R (meanstd)(£E)

o . revl revl . corell16k eurlex
Criteria Algorithms (subsetl) (subset2) bibtex (samplel) (subject matter) tmc2007
BR 0.602+0.011 | 0.522+0.009 | 0.559+0.004 | 0.920+0.006 0.492+0.005 0.339+0.003

ML-kNN 0.510£0.007 | 0.524£0.013 | 0.610£0.005 | 0.747£0.006 0.339+0.004 0.320£0.004
LIFT-INSDIF | 0.470+0.011 | 0.470£0.008 | 0.413£0.003 | 0.726+0.007 0.34540.005 0.248+0.003

One-Error ¥ LIFT 0.412+0.008 | 0.421+0.009 | 0.407+0.008 | 0.691+0.008 | 0.329+0.006 | 0.213+0.004
LIFT-MDDM | 0.430£0.009 | 0.431£0.007 | 0.416£0.004 | 0.713£0.015 | 0.370£0.005 | 0.234+0.006

LIFT-MLF | 0.467£0.015 | 0.464+0.010 | 0.545£0.008 | 0.715£0.055 | 0.732+0.064 | 0.51120.185

BR 0.448+0.005 | 0.383%£0.006 | 0.461£0.006 | 0.673£0.002 | 0.639+0.003 | 0.380+0.003

ML-kNN 0.188+0.003 | 0.201£0.004 | 0.365£0.009 | 0.339:£0.003 | 0.092+0.001 | 0.195+0.002

Coverage 4 | LIFT-INSDIF | 0.150£0.001 | 0.145£0.003 | 0.1670,002 | 0.31840.003 | 0.093£0.002 | 0.148£0.001

LIFT 0.1204+0.002 | 0.123+0.005 | 0.149+0.006 | 0.326+0.003 0.101£0.002 0.129+0.001
LIFT-MDDM | 0.155£0.004 | 0.147+0.002 | 0.190£0.004 | 0.329+0.003 0.106+0.002 0.142+0.004
LIFT-MLF 0.18340.011 | 0.173+0.004 | 0.318+0.008 | 0.385+0.008 0.32140.091 0.683+0.146

BR 0.383£0.007 | 0.434£0.005 | 0.363£0.004 | 0.085+0.002 0.358+0.003 0.643+0.002
ML-kNN 0.5134£0.003 | 0.515+0.008 | 0.327+0.006 | 0.279+0.002 0.65040.003 0.71240.003

Average LIFT-INSDIF | 0.537£0.006 | 0.562+0.004 | 0.526+0.004 | 0.283+0.004 0.606+0.007 0.781+0.002
precision T LIFT 0.605+0.003 | 0.617+0.006 | 0.542+0.008 | 0.311+0.003 0.626+0.004 0.814+0.002

LIFT-MDDM | 0.580£0.004 | 0.600+0.004 | 0.518+0.004 | 0.289+0.005 0.580+0.005 0.795+0.004
LIFT-MLF 0.54440.009 | 0.566+0.006 | 0.376+0.007 | 0.301+0.018 0.167+0.013 0.22240.091

BR 0.60940.003 | 0.599+0.004 | 0.624+0.002 | 0.516+0.001 0.558+0.002 0.724+0.002
ML-kNN 0.727+0.007 | 0.698+0.005 | 0.654+0.007 | 0.566+0.003 0.76540.005 0.785+0.003

Macro-Avg | LIFT-INSDIF | 0.862+0.007 | 0.854+0.008 | 0.868+0.003 | 0.653%0.006 0.855+0.005 0.873+0.001
AUC T LIFT 0.91740.004 | 0.901+0.007 | 0.902+0.004 | 0.695+0.002 0.837+0.010 0.908+0.001

LIFT-MDDM | 0.859£0.006 | 0.840+0.003 | 0.847+0.003 | 0.657+0.003 0.828+0.013 0.890+0.003
LIFT-MLF 0.801£0.007 | 0.791£0.013 | 0.749£0.006 | 0.573£0.007 0.500£0.001 0.503£0.013

Table 4(a) Paired T-test results (win/tie/lose) of comparing BR against algorithms with label-specific features

mechanism in terms of each criteria on the total twelve data sets at significance level a=0.05

& 4@ A TR IESRBR SR BRI SEAAE 12 D EHE AR LI T A% (0=0.05)45 2R

(win/tie/lose)
Criteri BR versus
fieria LIFT-INSDIF LIFT LIFT-MDDM LIFT-MLF
Hamming loss 1/2/9 0/0/12 3/0/9 7/1/4
Ranking loss 0/0/12 0/0/12 0/0/12 3/1/8
One-Error 0/0/12 0/0/12 0/1/11 6/0/6
Coverage 0/0/12 0/0/12 0/0/12 3/1/8
Average precision 0/0/12 0/0/12 0/0/12 6/0/6
Macro AUC 0/0/12 0/0/12 0/0/12 5/0/7

S | S A S BN T K56 (R 56 7K A 0=0.05) %) LIFT M3 3 FhAR (R S0k 48 A Bl 48 b (1) s
06 25 WHEAT Ge vk 0 BT (L3R 4(b)). N & 4(b) 1] LLE Hi:

(a)

(®)

(©)

YR Z BN LN LIFT (K40 25k fe it T Hol 3 FhAR K55 3:——LIFT-INSDIF,LIFT-MDDM Ll X
LIFT-MLF. 75 1R 70 %4 45 AN BISEA #5 45 L LIFT (A8 2 T LIFT-INSDIF LL /% LIFT-MDDM;

Bk T VEAN 545 One-Error & Coverage, LIFT-INSDIF 55 LIFT-MDDM 7£ 2. 4% 4 AN PEMN 45 b 1) 45 R AH
2 LIFT 5 LIFT-INSDIF [ ¥k et T 80 5 41 24 T LIFT-MDDM ¥ 1 B8, 3 6 BH AH Lb 38 i g 7k ik ¢
I T 5 e AH [ B2 I 1k (BRI 3K(6)), M AN FR il A i AN A R R B (RN A R B) H5 A K (7)) 2
— T B A ) R M ML

5% 4) P BRI L5188 E MM S5 4R _E LIFT-MLF [{PE A #8325 T 1R 3 Rl ik RSN R
BR] 2, 2% BV A P A A8 AR ) 32 T8 2 1 (B 24 2R (8)) A 5 AN BB A 3 b Ay i A i 11 288 S Jg k.

MEFE KU, 2 4(b) P RO T A3 G vt 45 RAEW] T LIFT o i Ja 1 B L i) e Al A R Ay 36 2 00 b ad 11
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) JE L P LIFT ) Ja PEAL T AR AR 2 2 biac 2% >) S A UM PE (pre-processing) i 73, LU i 27 2
EX NI

Table 4(b) Paired T-test results (win/tie/lose) of comparing LIFT against its variants in terms of each criteria

on the total twelve data sets at significance level a=0.05

= 4Ab) W THEAENFEFR, LIFT 5 HASREVELE 12 AN B4 Lo T K5 (e=0.05)45 B (win/tie/lose)

Criteria LIFT versus LIFT-INSDIF versus
LIFT-INSDIF LIFT-MDDM LIFT-MLF LIFT LIFT-MDDM LIFT-MLF
Hamming loss 10/0/2 11/0/1 11/1/0 2/0/10 5/4/3 10/2/0
Ranking loss 10/0/2 12/0/0 12/0/0 2/0/10 7/0/5 12/0/0
One-Error 9/3/0 9/2/1 11/1/0 0/3/9 2/4/6 9/3/0
Coverage 7/2/3 11/1/0 12/0/0 3/2/7 9/1/72 12/0/0
Average precision 12/0/0 11/0/1 11/1/0 0/0/12 4/1/7 9/1/2
Macro AUC 11/0/1 12/0/0 12/0/0 1/0/11 5/3/4 12/0/0
Criteria LIFT-MDDM versus LIFT-MLF versus
LIFT LIFT-INSDIF LIFT-MLF LIFT LIFT-INSDIF LIFT-MDDM
Hamming loss 1/0/11 3/4/5 10/2/0 0/1/11 0/2/10 0/2/10
Ranking loss 0/0/12 5/0/7 12/0/0 0/0/12 0/0/12 0/0/12
One-Error 1/2/9 6/4/2 11/1/0 0/1/11 0/3/9 0/1/11
Coverage 0/1/11 2/1/9 12/0/0 0/0/12 0/0/12 0/0/12
Average precision 1/0/11 7/1/4 11/0/1 0/1/11 2/1/9 1/0/11
Macro AUC 0/0/12 4/3/5 12/0/0 0/0/12 0/0/12 0/0/12
4B

5V 2 R bR A0 2 1) B SR AN [, A SO 27 J 1 2% [R) HEAT 3 A 0 22 B il 27 o S0 2% 2T PR RE D S i) AR 3C
FE 12 MR g BT T KR M SR K LIFT R ARRSEA Y BR AT B AT, 45 L 7R A7 2 R K J A
I PR A BRSO B L 378 1o 22 B i 27 ST BV IR 2 ST PR . RN LIFT b5 AR (AR (R G v A 56 45 SRR W LIFT (1)
i P A S5 AL T A 20 2R ) o i 1) 2K s s 1

ELASHE T (R, AR SO AT S35 340 R o 1 2 ) AR AR SR P AR KR, FRATT AT DL 21K 8 s Jis R A AR I 2 1) (AR
ORMEA G B, — Bl B IR 7 2, by 5 b S T A DG 1 7 288 B 2V e a2 1) B 28 i Jeg
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