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Abstract

In this paper, the multi-label classification problem is decomposed into a series of single-label bi-
nary classification sub-problems, each of which corresponds to one label. The positive class of the
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sub-problem is defined as the sample with the label, and the negative class is defined as the sam-
ple without the label. Under the given attribute subset, the minimum distance between positive
and negative class samples is calculated, that is, the minimum distance of classification boundary.
The sum of the boundary distances for all sub-problems is defined as dependency function, which
is used as the evaluation of the importance of the attribute subset. The monotonicity of the pro-
posed dependence function with respect to the attribute subset is established, and the definition
of the attribute reduction is given by maximizing the dependence function. Finally, an attribute
reduction algorithm based on positive and negative class boundary distance is designed, and the
experiments are carried out on actual multi-label data sets. The experimental results show that
the proposed algorithm can establish a reasonable ranking of attribute importance and effectively
remove redundant attributes.
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1. 518

AR, AR YUk, AR RGN 12 K. 22870 R FRLE
Iy SR AE FAREE 73 I R AR e S — AR ZEAR SCIG, 10 2 AR 28 70 8P MR A AT RE[FI I 5 22 A3
RIS RIR[1] [2] [3]-

fEZ M, AR R TURIN S 2 FRES AHKRE, TUREAM KNS TR
B IR MI o RIERE R . HIk, (EBIT 2 3RARAT, 7 B /D TUR BRI R PE[4]. SR PEL TR B2 A
TPREENAZRIRGE T, MIEREATCREAMKR IR, IEH— D RAIURME T RRIE m 0 R 1 70 26
fit, RE T EIRERA NGRS, oI G, BAEL Mz re /5] [6] [7]-

JE L) 1 /2 2 4 26 7 S8 S B A TOUAR B R, A D S0 ahs ) 4 K, SRR i K b B E [8]
2018 4, Lin S A$RH 7 —FBr FOBOHIRIRE SRR, SRR PR IE BEA AL R S MR 8, JFEar
T —MiE T 2% IR I R 5A[9]. 2019 4F, Wang S AN H 7 —FhEE TE BRI 25552
FHER R, ASEE LT %16 B 28 0E SRS, W5, J5L 7 — 8RR 245
REFAL IR J7A[10] - 2020 4, Liu 5 A JEIE e 28] 0 55 A0 28 Py AR 5 R L F6A5 A B BIA AR S AL
R T MR ARZE AL T (02 PR R LI 3 VA 11] o

AR EEATENE, R R R, AR ISE R, B, PrlIRAI7E R sch A
FEATAIBERS, 5 KA R, AR RN farint, IS BE SR AT E ekt ZAREE 7 I8 m AL Oy — )
RiE, FNE T IEGSFEARLE, WG, SRIIEGSSFEAREE, e 7 RS R K. 35 15 588
AR R, TR T RS R O TR Ve AR I . BRI T RIEARIE S Fda, Bt
TR T IRV T E R TE A RS, REFRINZAREEIE T, N7 RIEZkftEeE, &
TR S IA VUM 2 AR RFEIERESREAT 1 IR, SRS REW], 1A A ROt KR TUR B .

W ARE D SN o FE5 1, BT 2 AR RN IERER . B EEE . RN
PR A R BRI BE RS 105 3o RS R, BANG I T RMEL R E S Wit 7Rk T IR A R B
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BRI LS. A, TR T IRATHSAE 9 2R HE R LSRG AR . R IAT,
XA ST AREE R FISE 0 45 R AT S A, TR T4 5 EERI T ] .

2. AR

CHREBIRFRN S = (U, ALY FAREARIEU = (x, %, x,} e DAREHIE, Fo5H n MRS
ol JRYESE A={a,a,, 8, | R—MIEHIE, G EMEa e ARNREASE U SI9HEINREL Hoba(x)
FRNREAR xeU TRk a LRI, FREMEL={l L, | | R DEEAIE, RRf q MR, MR
| e L isE SCMMBEARSE U BI85 (0,0) OB, BBEREAR x SHRSE LAIKEIE, 1 (x)=1: . 1(x)=0.

HTAERAE R RIE TR B < A, (EULREA S x R y #DRREASE U v, T x AL y Z B
B U

dg (%, y):a;;|a(x)—a(y)|.

XTI ETENETEBCA, WES XHESY 2FEAE U KT, WES X FES Y ZIEME
dB(X,Y):XrQiandB(x,y).

HEA XA (x) I, R x MRS Y Z B ES
ds (x,Y)= ryelYn dg (X, Y).
RPN X R Y #6 d, (X,Y) 20
3. SHEHRBIELIE
FELERRRE ] e LIOTEOLT, ST | B XPREAR SR SOh
E ={xeU:l(x)=1},i=1-.q

F={xeU:l(x)=0}i=1-q.

FEALE B —RAZIRERIALES, HAERREAZIPENASRS, ERIEFRFEAL, FREIIEK
FEALE . BRERA WAL EME. N T4HENBIETEBc A, THMKREJ, (E,F) TR
IERREARSE B MEREASE F M EERS, sHoE U

dg (Ei,F)= min_dg(x,y).

xeEj,yekR
XA R d, (B, F) W& T IESPEALE B MATCRHEASE R AL AR, RBUEBOR, 7080
Y IERETIERAT o R T, AR R AR AR R BT R AT, BR A AN IR R AN B R R AT
X L X TAERAET B IE T B o A, AT EEAIRE 1 IE 5 S A ] BE B SR 2 SR R 45,
WA R H
q
7(B)= A dg (B, F)
WL BRI KLy (B) I T PPAL B TSR RO B L, OSBRI A R /N R T T A7 S AR (1) B 5 e
dg (E;, F) EHAIKA.
513 1 X T 2R HdE s = (U, A L) » BEEERELd, (E, F ) FKIUZ Ry (B) M T B 4L B S2 Uil
BRI AT RSP T B, B, , B, B, c A, WI7#fEd, (B, F)<dg, (E.F) . »(B)<y(B,)-
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W MEEENE X, M TTEB cB,, H
()= Z alx)-a(y)|< Z[a00-a(y)|=d, ()

MRS BIE SRR 1 E XA
dg (Ei,F )= min_dg (x,y)<dg (X Y)

xeEj,yeF Bl

dg, (E,F)=_min_dg (x,y)<dg (xy)

xeEj,yeFR
ESJio
dy (E.F)-dg (E—F)>0

dBl(Ei’Fi)<de(Ei’Fi)
Ao, WiEE 1A

7(8)=3 s (E.F)
7(82)22%2 (Ei'Fi)
53
idB (El E)_idal(Ei’Fi)ZO
[l 1
7(B)<7(B,)
5 FAFIIE .

MEIEE 1B, BEEREYESH N, BRI R R BUE ORI R B R . X AL
JEIE TP IR R AT 1 0 KA KRRE . BUAE, FRATIERL S AL 2 bR K st s ik 2
E o

EX 2: WTZREHH s =(U, A L), WREETHB C AWRLL N, NFRGES B2 A HIKH
é/‘]ﬁzﬁ:

1) 7(B)=7(A):

2) MTEEMIB B, y(B)=y(A)-

AT LR B A2 A B— D74, BOREF TR M Ree 1. R, AN AT, -
WE SCET g, RTINS e, g IR T IE A 2800 AR B i & P 20 1 2 S

BN 3: XM TZHREHE S = (U, A L), WRIBETH B AWRELLT %M, &S B AKETIE
$1 210 5B B R V2 TR -

1) |7/(B)—7(A)|<g;

2) M TAEENB B, |r(B)-y(A)ze.

fEX R, BATEL I ASH & Ky KIBIELHRTER, JER R TURIENE, RN IE A
() BEBS 1 AR A DR AE BN OTE L 9 o ) 1 SE VRt R 1 2 i e

Bl 1: SRR S = (U A L), W0 1 Fis, FEAHERU = (6%, %, X X %)+ JRHESEA
A={ab,c}, WEENL={,1,1,} -
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Table 1. Multi-label data
%= 1. ZIREHIR

u a b c I, I, I,
X 8 4 6 1 0 0
X, 6 3 6 0 1 0
X, 2 6 7 1 0 1
X, 9 3 8 1 0 1
X 3 3 8 0 0 1
X, 4 8 4 0 1 0
IESRBEALRNER 2 P
Table 2. Sample set
2. MK
L E E
I, E ={X,%.X,} F={%, %, %}
l, E, ={X.%} F, =X, %0 X, X}
I, E, ={X %, %} Fo={X0 %, %}

AR 1 5 VTS IE DR AR RN BE S, SR 5 79 3 I R

Table 3. Distance

Bl ZRWE 3 P,

#3 BE
B {a} {0} {c} {a.b} {a.c} {b.c} A
d, 2 1 0 2.236 2 1 2.236
d, 2 1 0 2.236 2 1 2.236
d, 2 2 1 2.828 3.605 2.236 4.123
7(B) 6 4 1 7.3 7.605 4.236 8.595
R E X3 iHEAFIE 4.
Table 4. Dependence degree
A RKEUE
{a} {b} {c} {a.b} {ac} {b.c} A
I (B)-»(A) 2.595 4.595 7.595 1.295 0.99 4.359 0

RIEE X 3 IS He=1, WNE 4 PalEHRIELE {a,c) £IENMKILF B RIEL R
B, ATBHE T AT IR R R PR L e Sk 18 3 PSS e BARSIERIIELE
FAT, ARG INT S8 e I, Bk, SERUBTEAE .
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Bk ETIERK ﬂﬁﬁﬁ%ﬂ’]@f#’]m%é& PNBR
PN ( ) He>0

bl Q/JIETJB
1: A>A. ¢—B

2: for j=1,-|A]

3: MTENMEMa e A o WHILEE dy gy (E0F)
a: ity (B vfa})

5: end for

6: ju—argmax;/(B uia })

j<tength(A)
72 A=A-{a} B =Bu{a}
8: k(8 Ufa,})-#(8)
9: Hith/mIk£f B = B,

<&

10: else
11: [BIFIE 2 5
12: endif

A A RFIRNEESE, BB, ZAIEFNEESE. VIR RBEERLSETNEEE A, DA+
EEEH 1 a,, LEIHE B H, iJrﬁW%ﬁEy(Bku{aj}), B2 BMHHEZ DAREE . SRk
PO e KR, fERIREYE A B 204, JRBEMRTE B, A b o 3% B 5 R IR A R AR Do 1 44 it
B, MK ENT S e, FikZ&h, BHARER. AR ER TS e i, BRI 2 5, &
BT —ANEMEEERZ D, RETEH LRI, ﬁﬁfﬁﬂiﬁﬁ&fﬁéﬁﬁ )%'rifﬁﬁﬁ%ﬁi fERET, Ul 2
PEAKL, (A RBIERL PR 2 FIR 5 R MEL R, , BHEIS A O(|AUf) -
4. LW

97 VAL PNBR BLEITERE, A SCAENA 2 ARG FSCIl 7 PNBR 509%, oK 5em o5 3 5 DY Ff
LIRS R ML R SRR AT TR LR . X VE S PR MDMR. FSSL A1 NLD, HA PR AREZ LK)
IR R 5535 [12]. MDMR AR BRI KRR 5 /N T A B [13] . FSSL AR I TR 10 2 ARZE 5
PIRFIEEREFVE[11]. NLD AR AR AR AR BE 24 i B3k [14] 81 PNBR AR FRATTHE th 1) 1F 47 il SR 25
HIZAn2 s Em AR EE . 2SI W R 5 s,

Table 5. Multi-label data sets

5 HREHIRE
Data set Type Samples Attributes Label
Flags Hybrid 194 19 7
Yeast Numerical 2417 103 14
Emotion Numerical 593 72 6
CAL500 Numerical 500 62 174
Scene Numerical 2407 294 6
Enron Nominal 1702 1001 53
Medical Nominal 978 1449 45
Corel5k Nominal 5000 499 374
Genbase Nominal 662 1185 27
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TEFRATRISEEG SR 4738 SR UF VA A [F) 7 iR A 3 o 4T 28 B0 IE 2 K i s A4 2 B AL
YR 10 AR/ FIFIREARTAE, eI 9 M FEMESHBIIGE, — T4 41E S8R,
BTSN . RRIRSEIGE S AR IEM R B 2 A 2R, 10 RSB &5 S 1) 1F i 2R sl 22 5 R 10 P38 (B A xet
FFRE BRI 6 6 S TSI 5 Bk B P g g, IR RIS E T A RS . @it
FIT 3% Ja P (1 ~F- ) B0 P 1, MDMIR B3R PNBR 502 5 47, v DAL R B8 2 U R J& 14 . 1 PR 92380 FSSL
SRS 22— 5o

Table 6. Average numbers of the selected attributes
6. FTiBEMMTEIHKE

Data set Raw data PR MDMR FSSL NLD PNBR
Flags 19 8.3 5.0 11.9 9.4 4.0
Yeast 103 1.7 7.3 9.6 9.4 8.6

Emotion 72 5.9 5.8 5.7 6.1 5.6

CAL500 62 8.7 8.5 8.2 3.7 3.3
Scene 294 8.9 8.6 11.9 8.8 118
Enron 1001 100.9 39.7 63.8 36.4 37.3

Medical 1449 63.9 344 63.3 31.9 31.2

Corelb5k 499 168.5 34.9 31.8 159.9 155.1

Genbase 1185 18.9 15.7 17.9 15.9 15.1

SRS SER AT, AT HUER SRS, PNBR 5941 MDMR SRR JE i/ . 1E Flags ZdE4E
W, B R T 19 MNEMH 4 805 A, IXPEFPRE A A SRR ZE . AR TE S 4E Enron. Medical
Fl Genbase H1, Fifi 5 HHE JE VEACR 38 N, JBMERADRIEIAZ T, XA e LAZBEATE T

THA IR ) BIE AT A AN SR 7 Fras, ATRLEH, MDMR 83, NLD HiEf1 PNBR HikH)iz
AFISHIE] EE oAt B R K, PR B FSSL B2092: (O3S AT I 1] b ot B34

Table 7. Average running time
= 7. FIBITRSE)

Data set PR MDMR FSSL NLD PNBR
Flags 0.10 0.18 0.12 0.25 0.37
Yeast 107.34 255.62 329.41 757.11 967.71

Emotion 0.49 0.64 0.43 0.56 0.53

CAL500 0.37 3.96 1.52 5.31 9.38
Scene 320.68 318.62 848.60 841.88 821.58
Enron 337.68 373.22 208.66 337.81 324.85

Medical 193.33 129.91 150.05 92.38 88.69

Corel5k 349.89 3768.82 264.80 2925.93 2815.86

Genbase 67.81 67.92 57.69 60.78 67.89

SIS SR, AT EHER AT E, FSSL SHEM NLD 5Lk SN (A R 202 PR 531 MDMR
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LYY}

5 2 £, NLD HIEA PNBR SHETHE R [ K202 PR 54 F1 MDMR S5 3 fi5. & Flags #iE 4
o, T HARSERVDN, B ENE R I E R AN R .

ASCH 4R 2528 ML-ONN PFAl T Fufh g M2 i Bk 7 25 vERe,  [EINF, KA Hamming Loss. F; score
HI Coverage = Z 5% 7 KIVEN TR b5, KM & 20 W8 1) 70 KRG BE[15], Horp FRIZR B 17Ntk
£

Table 8. Hamming loss

5% 8. X ARk

Data set Raw data PR MDMR FSSL NLD PNBR
Flags 0.284 +0.051 0.285 + 0.049 0.276 + 0.057 0.269 + 0.029 0.293 +0.031 0.289 + 0.035
Yeast 0.198 +0.011 0.213+0.010 0.202 +0.011 0.209 +0.012 0.199 +0.011 0.198 +0.010

Emotion 0.189 +0.019 0.238 + 0.029 0.235+0.029 0.198 +0.019 0.217 +0.019 0.179+0.019

CAL500 0.167 £ 0.013 0.169 + 0.011 0.165 +0.011 0.168 + 0.013 0.159 +0.012 0.157 £ 0.013
Scene 0.118 +0.011 0.115+0.010 0.123 +0.012 0.115+0.011 0.131+0.010 0.112+0.011
Enron 0.065 +0.010 0.066 + 0.011 0.057 £ 0.015 0.069 +0.011 0.059 +0.010 0.068 + 0.012

Medical 0.029 £0.011 0.027 +0.010 0.025+0.011 0.026 +0.013 0.019+£0.010 0.020 £0.011

Corelbk 0.013 +£0.000 0.014 +0.000 0.017 +0.000 0.015 +0.000 0.012 +0.000 0.011 +0.000

Genbase 0.019 +0.000 0.010 + 0.000 0.019 + 0.000 0.017 +0.000 0.021 +0.000 0.022 +0.000

DURHAR R IR IR A2 B 1R 7 R IR AR AR 25 B AR S I L 28, AR AR UEER /N, BRI T BBk AT
LN 0 BFIA B H At . M7 8 ALAE H, NLD Sk PNBR Sy T HAhH %, MDMR LM FSSL &
ETERERS LT PR ML, A5G 6 flse 7 B A M ECE A2 TR (3], NLD HiEF] PNBR ByA{R
BT 2, BIMERENHC, (AE R, Rl T455 B ERE

Table 9. F; score

ROFRDH

Data set Raw data PR MDMR FSSL NLD PNBR
Flags 0.686 + 0.059 0.695 + 0.059 0.703 +0.079 0.687 + 0.038 0.683 + 0.049 0.679 +0.039
Yeast 0.627 +0.018 0.589 + 0.011 0.597 +0.013 0.589 + 0.018 0.625 +0.018 0.633+0.011

Emotion 0.636 + 0.047 0.627 + 0.029 0.613 + 0.026 0.631 +0.038 0.623 + 0.057 0.615 + 0.057

CAL500 0.448 +0.013 0.453 +0.013 0.446 +0.011 0.443 £ 0.011 0.435+0.015 0.439 +0.016
Scene 0.669 + 0.028 0.657 +0.039 0.661 + 0.047 0.659 + 0.028 0.657 +0.018 0.673 +0.015
Enron 0.447 +0.049 0.453 + 0.058 0.451 + 0.059 0.436 + 0.088 0.439 + 0.059 0.443 + 0.059

Medical 0.367 +£0.089 0.355+0.117 0.359+£0.108 0.353+0.117 0.373+0.169 0.371+0.168

Corel5k 0.087 +0.018 0.083 +0.048 0.090 +0.017 0.082 +0.029 0.088 +0.017 0.081 +0.017

Genbase 0.873+0.018 0.868 +0.018 0.869 +0.018 0.879 £ 0.018 0.878 +0.018 0.883 +0.018

F1 score AHXT T KA —ANERERUAR, Fy score M or R IERIME, JRRBSENR S RIFEAR. &
FERE AR AN 8] AR AR AP A, Z AR BUEBOR, BRARIVEREr, R BREN 1, B/MAN 0, 3
HN LI IER AR . I 9 mlAl, BR¥dESE CorelSk 4b, TifhBASE Fy score J7 A B&EZER. NT
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Corel5k ##24E, NLD &3EH MDMR BBk 5 R EAR £,

Table 10. Coverage

#*10. BER

Data set Raw data PR MDMR FSSL NLD PNBR
Flags 0.919 +0.019 0.927 +0.019 0.936 + 0.028 0.923 +0.019 0.900 +0.010 0.899 +0.019
Yeast 0.869 + 0.010 0.839 +0.010 0.840 +0.010 0.827 £ 0.010 0.836 + 0.010 0.843+0.010

Emotion 0.678 + 0.027 0.543 +0.019 0.517 £ 0.019 0.658 + 0.029 0.647 +0.03 0.639 +0.019

CAL500 0.987 +0.010 0.987 +0.010 0.989 +0.010 0.986 + 0.010 0.975+0.010 0.973+0.010
Scene 0.634 +0.019 0.228 +0.010 0.243 £ 0.010 0.298 + 0.010 0.339+0.078 0.223+0.010
Enron 0.717 +0.067 0.778 £ 0.100 0.789 + 0.069 0.637 £ 0.078 0.725+0.083 0.710 +0.063

Medical 0.418 +0.087 0.379 £ 0.087 0.419 +0.087 0.369 £ 0.119 0.423+0.119 0.421+0.119

Corel5k 0.349 +0.039 0.336 + 0.068 0.362 + 0.059 0.351 +0.048 0.213+0.029 0.227 +0.029

Genbase 0.953 +0.010 0.947 £0.019 0.964 +0.010 0.957 £ 0.028 0.953 +0.010 0.947 +0.010

18 it 2R R U HE P AR I USSR R I HE T 2 ME . R ORI ARG, i LUK A8 1
N, BETERBERLF. AGE 10 B, PR BEAI PNBR SAA T HARE . WEUE BF, 29% 05 2R 1
IIRKERIFRA R ZER . KIS RERUPHRA A Sk ae @ L SR R EE AT, AR LRRTT
RIELE.

5. B4

RICZIETHREFIESIARE A, Bt 7 — M T IR 02800 S BR 2 10 SR R L0 TR 5505, e SEIxet
PRI LT 5 54T 1 VP0G, SOREW], PriRA AR E L AN R EEEH R, A0k ERIU
RIEYE, IFRAFFRIR I 7 IHE L .

IR FERM], A TXANTELE AL B I, TS 2 LI R A e, e B LR 1) 52 2%
FEBATA G B LA FAMEATT, TN 2 AR EE 7 i P AR 2B VRS Y, AR, (H2
FEBLSEAETE T, PR (B NZAR A AMIRIERT, BT, A5 W7 AR th 2O AR 2 AR e e it 2, 5
THRIE 7 o
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