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Abstract All features contribute equally to compute the distance between any pair of instances when
finding the nearest neighbors in traditional ANN based multi-label learning algorithms. Furthermore,
most of these algorithms transform the multi-label problem into a set of single-label binary problems,
which ignore the label correlation. The performance of multi-label learning algorithm greatly depends
on the input features, and different features contain different knowledge about the label classification,
so the features should be given different importance. Mutual information is one of the widely used
measures of dependency of variables, and can evaluate the knowledge contained in the feature about
the label classification. Therefore, we propose a granular feature weighted k-nearest neighbors
algorithm for multi-label learning based on mutual information, which gives the feature weights
according to the knowledge contained in the feature. The proposed algorithm firstly granulates the
label space into several label information granules to avoid the problem of label combination explosion
problem, and then calculates feature weights for each label information granule, which takes label
combinations into consideration to merge label correlations into feature weights. The experimental
results show that the proposed algorithm can achieve better performance than other common multi-

label learning algorithms.
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Fl. A5 EXFAOEZT2AX TR XRKEN TR T (X — B AXE ZHIESARE S LW MR
. HAM RERESARES E RO K TN E ZHBE AT LR L0
I S ARA S 5] kAR 2k (granular feature weighted k-nearest neighbors algorithm for multi-label
learning, GFWML-ANN) , #Z sk WA Z 2 A % Mr 4, A MR E T AR IE R E 2 3.
VAR e L3R 19 B e AR A0S MR MR PR T H AR IE AR E B L F B B T AR A T Ak 4 404, de AR 2 1) 49 4
KA SR E R FRAN MR TETEEN 4555 I %, MR A% GEFWML-ANN

FAR B AR BT AT 49 ROR.

X DS AR E A S AR F 3 R AR

REZESES TPIS

L ML 2% % > DA — 2K (binary-class) 730 28 5k #
%28 (multi-class) 73 288 F, DA H A7 — 2k
BIbRZ  FRVE F bR % 2% > (single-label learning). &
T » B0 S5 B v 4% Qs #R A A DR i [R) InE 40 A 2 A
SEMREAT L H A, — 5 B 1 4 AT RE ) R £ A4
A T A R A AT — kB AT
RE 7] I 8 208 U B L an O Vb e IR T s —
AL AT RE [ A 2 AT REN L Al R ks —
AN N1 95 B P 1% 0T BE 1R B R B T 2 A e B R
PECT A b B OB 2 T Ok XS AR 1Y
FEAFR N 2 45 & BUHE. £ bR 4 2% > (multi-label
learning) 4T 45 5L 28 4 2% 2 AR 2 M1 245 2 4k
3 K T I b 28 A 1 (0 R AR AF DG 1 22 A BR 2L MR
T bR A B R AR U E — T R AR A AR A
B ds b R FEA T BE R N A 2 R AT BT
ZhR R I I I 278 . ZhR AR 1) B e 2
PEFRIG TN T 22 bR 2 o 20 S5 00 P

e TR 5 2% R N SRR A 5 5% 1) oy il
R 22 A ] LR L, P B il O L 2 2] U T
W7 2 ARG A 7 ) o 228 00 S ) ik o I 2
AT RN, HW L 2 hR AR ) [R] R AL AT D g
Pe o3 LA MSE ) Z 28 73 2R R B — > A 28 X E
S e == 15T (EN 1 s e 3 1137 NI S G RO R E P S
P T 22 H5 25 5O Y AR 2 TA) 28 7 A7 A — 5 1A O
P W —# ST RS, [ R R — 0 E R R R
Al REME BT R R — T T L R 0 AT e M
R PR ey 58 53 A 22 A 25 U 2 8030 v b 2% TR) 1Y
M (label correlation) 24 4 Bh #4) g3 T 0 4% A — &
B2 AR A 2 2 T I ST RS TR) 2 —.

AT JE 1, k3T 41 543 (k-nearest neighbors,
NN J&— i JC 2 Ml 115 7 > B3k, JC 7 8 o U 450k
A Sl U AR AR 5 0 R A (Y T 45 R 4 O kA
PE B B BN 2R REAS SR ff 2 . ANIN Bk R ML A 2 )

U R T A A SR R 2 — L T T e R
M. FHL, — 35T ANN B R 2 g 32
T 2R %200 R ANN Bk —Ff L X s i
BRI = B R AR AR A&
I AB YN GRAEAS , F2R HAS [R] 1 )5 22 4k 38 5 =K. Fe il 46
1) 35 P MK I A AR (] A SRR AIE 225 R b % B L T B 1
e A T AR IR AR AR B4 D e SR ROCR. e b L 2
T 2 )RR o 33 B ARV R 22 2R T i 4 40 SR
TEABR 25 BB OR A, Z W T 25 18] 18 RH DG .

P25 2H & S P54 AR 2 AH SC M 19 A7 2405 =0 (B AR
220 A BURAR BB TR B R B A bR 25 4L
BRI i1 |2 W= RPN R - ANTTRE 2
2B T b 25 5 ) T A B b 28 RH DG AR L A R
JUF- 1A HH G PR I AH DG R 488 R 194 B 28 1 2% 4
B [A]—2& . 4351 75 1A% 2 v B AR 25 A S AE.

BAL G ML tn 2 D B — M 2 F BN
PSRV E S R TN O S (R TIE R £ E S R
Bl Hkh B — DR, 2% 7 b i A
ZARE SN FHIE 5 BR 2 B AR CHE B S AR AN TR
(R ARRAE XoF (] — b 25 1) 0 R A A [o] (1) | B2 32, ] — 4
HEXF AN [) B AR 2 0 A AN (] 10 B 28 88 A 19 e ik 0
e BAR A BN E L X ) — AR A AN 2T A
L L E AN AE G, BT LA [R] B AR AIE N7 32 AR 4 HE
X A 28 43 A 1) o EL AR B B 4 T AH N AL H NN
SOVETETT FEAE A [H] BE 29 I 8 T A RRAE 48 7 R AR Y
T AN H SRR S X T 2 TP 4R Y
EES A KRV E

HAF B RE AR & 2 A8 5 CHR B B ik
FLRE F /R FRAE XS AR 4 43 25 1) i 2 8. T B30 2 figf ok
S22 IR) I A RL0T ¥ HOREAUL N 268 Ak B 53 2% ) it
(10 77 2 K B2 24 I L Ak S i ) R B L R
g I T — 2 T 545 8 AR AL R E AL 2 45 28 2
> ki 4B% 1 (granular feature weighted k-nearest
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neighbors algorithm for multi-label learning,
GFWML-&NND % 535 K R 55 18 AE0RS s 28 =8
()KL A 1 22 AR 285 R 44 AR AL 8 s 28 s 1k 2] [/] — A
SR A AN [RDAREL ) R 25 18] 1) AR S B /)y RL Y
R AR 285 [10) R DG 1 i R 3 A B 4 52 2% [ R e i
T2 ] L) R IR D s 4 A A B SR R PR B
Hiu R BE T bR 2 1) B AH DGR X A s 2L L AR AT R AR
£ AR 4 2845 R BE L X AN [) A9 e IE 25 T AS )
(R RCEE o K A 25 T 1) A OGP Rl ACRRAE A A 3R 850 X
FRAEFEAT AL . 4% 5 1 0 FE A bR 25 15 5L 00 #3230 1Y
P ABREAS B i R ARG

T B UE TR SR A R L AR SO GFWMIL-
RNN S5hnif ML-ANN 535, DL CH: Al 28 4L 1) 22 45
BRI Z A KA R 2R B8 4R Bk T TS8R
X L o S 36 45 2R 3 B AR SCRT $2 5k B IUTS AL U 1Y 2
M RCR.

1 HRIWK

ZHREF ) O AR P 1Ok B Z 1 K N
BLAs 27 2] il iy — S SRR HAT A Ik — &R 5
ZhRp RO A, XESIRER L FE
T LIk 2 2 A FE 4 7 v (problem transformation
method, PTM) I8 3% N J7 % (algorithm adaption
method, AAM)M,

[i) U 6 7 1 B R 20 A A B B e e R 2
BRI L R ] C A 0 R 28 2 o B R b
PRAEAAR 2 . [R) RUFE $5 7 g ph S TR 1RO
2538 N B k. 48 MUY Tn) RS 6 J5 A A BR (binary
relevance)"” J7 4 \LP (label powerset) J7 1% %.

BRYY )5 2k e 2 5 2 BUHE AR D B R A
Peor 1ok I B L | A Jh S7 00 SR 28 B 46 . [ L | 3%
ANBRZE R BR J7 125 fOAR ] B HHG 2200 A 45 1)
(R S 2 B B bR 48 1 M G, Read %8 AN 4R
T —Fpx; BR J7 vk 0 el it s 4 3R 43 38 (chain
classifier, COIEM T 2R . iz B kAN
LA 253 28 hn 2 AL, (H HORE S T i 9 s 2
A Ry Ji 1 000 A 28 1 o AR AR, CC R 5 R 3 T
P 25 (8] B4 AF DG o iy LB 1 5 Ay T B o (H BR vk 4 R A
O R o U N 1 s T T R N TN P =R
128 B S T A AR A TR TR T A AR A 1R 22 KB4
R AT R B K AT B . TR — i AR kY % G
(ensembles of chain classifiers, ECC)U & vk 4k 2
1 F AR P I B G . PW (pairwise binary) M &5 —

Fiosr BROSCHE 9 77 . PW AR B BEE 2 445 2 i 47
A XX AR B B — A 2 2 n) 8, bR B
R EHE B O A A S ) I > 4 SRR
BLXFERA [LICL]—1)/2 ASor R BRL, Sl PW
Tt AR i .

LP J7 2 AR 98 B4 5 vhbn 28 [H] 46 5 09 Al BE 1
W 2207 25 R AR B 21 BAR S BN L 2 b 4 ) AR
WZ 2R . LP J7 ¥ 2% 8 3 1 bR 4 H] 1Y AH G
P B AR 25 41 (R A3 1 T A0, B R I 1 B30 L B 4R
JE. KL, Tsoumakas 55 AU 52y — Fift 42 5 i Bl AL
Fr % F 4 (ensembles of random k-label subsets,
RAREL) J5 ik . KM FRZ S P BELIE B & AF5 25, 1
WF5E e v T RE (Y AR 28 4 s Read 88 APV 4R T
EPS(ensembles of pruned sets) 5., A 4 F A0 vk 43¢
1o PR 2 2 B R R th B IR BAR bR 25 24 4
B ESAR 1) e 25 B 33k A G e R B 32 b R IE 1 A
SR CNE R T BRI R

BRI 3 N T MO T — BAR A P g 2 ) B
B X AR AT i O e e AL P 2 R A
Bl e S SRR AL BP g ) 45
SEAE.

Clare 8 NPV R 2 b8 2 WF 15 Ge i C4. 5 Bk
KRR AL T 2% R IE2 % C4. 5, R
VEMF45 S 2 bR 2. Elisseeff % N4 1 #F
[a] ##HL (support vector machine, SVM) & W ] T
ZhpE g 2t T — M RankSVM k. HX 4
AR B AL — > SVM. F I A5 A ) HE I 4650k 5
JEAEARE AR 10 HH O& B3 25 FIAS AH 56 4R 4. BPMLLP
S VORE B AT HY Bl 28 I 28 BB 22 — 1) BP i 28 9 4%
s 2 At LA B 2 AR ) L JF R T —
Tl HllE e 1 22 A 285 114 15 2 B b R 30 T R 19 D A A 52
PR 1 AR 25 I i S B 5 B b 2 HE T SE T, Yu
SR T BT ORI SR 1Y 2 AR 2 S i KK
FBR 2 o) ¥ G 22 B MBS £ 2 bR 25 27 ) Jp R k. Bk
AR AR SCHRES 142 0 1 — o 3 7 SR SOR R 2
(neighborhood rough sets) [ £ Fr &0 2K H %, A
T B8 bR n) .

NN 375 TC 75 52 0 I 2B B, A 1k 2 850, AR A
THA G BAT SR S AR AR HL 2 SRR B Y
P, Bt Spyromitros 48 AN X BR 77 ¥ #1 ANN
L ZE A M BREANN Bk AT T4 & 421 T —Fb
it 1) 22 b5 % 43 8 506 . R RE AR 1 & A3 2B 1)
AR BB 2 AL THE bR . ORI T TR
BERIEATRCR I HWARE T BR TR A R, BRI
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W& 7 AR 25 ] f AR G M. Zhang 458 NS0 ENN B I
DU S N T 2R b iR T A 2 AR
S WM 2 ) B (MIL-ANND L 38 3 REAS 1 2 A4S 3T 4T
YIZRFEAS (A5 215 2 o FH e K 50 Ak 23 o 0 3 0 &
AR 4. ML-ANN B33 PRI G B0 30k 7 5 L 300 D0 200 2R 4
R T T, 3 ML-ANN &3 X 45 A bR 2
S T, oK 2 R B 2 A bR 2 ) AE DG M. BRI, SC
BkL25 ] 82 T — Fh o A £ bR il 1 2 ) Bk
(IMLLA) iZ 553 [ R 1 S 4% b DA A 1y 3 4B 3
SRREAS TR N 2R 8005 04 53 A 45 2 FbR 28 ] (9 4H
SRR AT T L 5 428 T KA 224> by 25 2Z ] (19 AH 5%
P X B B AT 2 TR R AE X T AR 28 4 25 AN [
VERL. B AR SO — b 3k 1 B A5 2 AR Ak AR AT
I ARE 2= > kSRS s L) FH A 25 (8] 9 4H G 1%
DA 2% R AR AR R s 28 40 2 B T L OF HOR i 231
I A R

2 EARHMIA

TEN AT HE S VE AT Se R BN A B B M 2 A5
2 o) B HEAME A
2.1 HEE
TE S 1. HET IR B B AL AR B AS A M
BT R BENZ R X R
H(X) =— > po)lbpla). (D

reX
Hor, p(a) Fom x R
EX 2. XY MECA R
H(X,Y) =— > > p(awlbpla,y),  (2)

reX yeyY
Ho, pCaay) & o My BIHRA R E L.
EX 3. AR Y X PR X FKA0h
HY | X) =— > D> 0p(awlbply | ), (3

z€X yEY
Hrp,p(yla) BRI,
MR 1. SRR AT A RS
HY|X)=HX,Y)—HX). 1)
ik .

HY|X)=—=> > ple.nlbply | 2) =

reX yeY

— S S ip )

TEX yEY p(x)

DI Ib pla) —

TEX yEY

S S p b plaay) =

r€X yeyY

H(X,Y) — H(XD). iE f.

EX 4. A5 ERENE & 2 S8 & H] A9 S HK 7R
JE AR T — A AR g ) — A AR A AR

XA R X MY WERRIEWT .

(I; )
I(X;Y) = (z.ylb L8y (5
2, 24P

ALLEN I(X:Y)=1(Y;X). X% X 5 Y M
S H AR BAE N 0.
PERR 2. HAE R AT DR AN SR s

I(X;Y)=H(Y)—H(Y|X). (6)
i B
(xsvy)
I(X;Y)= p(a ) lp LY
§§P T p ()
(xsy)
(22y) (b 222220y (4)) =
;;p Ty 5 p(y
DI nbply [ )= D p(nlbply) =
reX yey yey
H(Y) — H(Y | X). i .
2.2 BIREET]
F={fisfos s [ "RAREZHERIEN b 41

B ARRIEZS (8] L={1, o[, s+ oL, ) TR 25 E W bR 25 25
[H]. e — 2R S5 E T={(X,Y), (X,,
Y.) o (X, Y ) b AR Xo= () saf 2D
AN A b AERRAE 1] B 2] EEAR X TERRAE £, b
AR, Y = Cyis i s e yDO WIROR 5 X AH R A A5
S, R X, SRS LG v =1, F 0yl =0.
ZRREE S AT S W e i O B 5 T, 2%
WA BERE b F~L, X T — A5 &5 B KM
AOREAS XBE T HE X 1 A 25 i Y = ()
yzl,'",y"/).

3 GFWML-kNN

X LAERE T ANN 1 25282 S B A % &
AL TP 1Y) 22 S, 220 W 25 ) 1) R DG 1 DA Kk A
T 2 21 B B M R) L, A SCHR 3 T B AR R R b R
TEIAL bR 225 2] ke AR Bk B S T RE
A E AR, B SE T £ #9148 (balanced k-means) 2%
TR R 2 s DR AR B 22 A A R T Ak bR 25 1
A RS E AN SR 5 N A VAR IR T S (TR v A =1
BRI A RRIE T AH R A R B A R A
BT BRAE AR G A5 R O TR R A 3 TN U Y
IEABINRAEA s T o AR 0 40 I R A 1 A 281 I,
AT DA IR A 9 s 2 5 AR 38 A 03000 1S 5 )
EAS AH IV B4 A 25
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3.1 ARER R AFFAEMAL

HAF B RES A R B 2 AR A A SR L ]
L2 R 2 o R I HAURE . LA R (B L B
M55 A R 28 73 JEI A5 BB 2 R B 28 A AR
BOH R R B A R S S A bR A 2R
i B AF

REX 5. FRk f; X EEASFRAEAS E] LAY E 2
RIVARAE f; BRI R w0 A

w=I(f;L), 7

Hrp I D) R AR f € F SR E L H
fRE. T D) E 4 A5

— (x.y)
ICf0) = b (xoy)lh L)

>0 > 2 p(x,y,yq)lbwz

"6‘/1‘,\/640'1)‘1 \y’lG\/’l\ P(l)P<yqu)

25 25 20 playiey) X
zelfilyellyl vy ell,l
p(.T,'vyl %] 9"'9yq) (8)

) p(yisysssyy) ’

Hor, | £ | BRERAE £, PTREMIEUE s [ £ | RRARZE 1
AT RELRCME , — MR 0 B3 1. bR 23 8] L bR 25 1
ANBN g MBRZE AT RE B4 A R (0,117, B (8) T
PAE A IO L) % 8 T bR A ml RE 4L & L K b
AN P S E A AN 1R OF O S LN (B S o v
ATRE A B R 0 R 1, 3 A i 2 25 ) 1 b 25 21 A K
A 20 FhOT R L bR 2 214 BB A A 28 5000 18 7
T EC RGN BT A B AR Tt

Ay i ke B AR IR R, B TR AR AR SOK B 25
25 LKAk i 2 A F AR5 25 18], FR R bR 28R G.. H
TG <|L|.FHbpssd 4 2% <2/ K &k
(18 s 85 A S B /DN » [) — R 1 s 8 A S PR AR K S A
TIE TR Ak X6 A 285 A S 1) 45 % B /DN, AR SO O s 2
23 18] bR 2 1 B30 S S b 28 kL 1 A B - BT R A
r=Tq T |Bjik T AREE R 1 22 1 B bR 25 9] Y
HH S 3 K T A 25 A B o ok /b R Bk 3 a0
B 25 4 B R

H ARL 58 3 4 h T A R SR B
BRI E HIE L A Hr S AR SO R R K
AT B B (k-means) B 5005 b A bR 5 25
] 24 T Bl b b Ak B H AR 25 S S i ) 70, B AT 1)
2 T TS GUIE AN N R S ) A i R O
REARAA VL &2 2% B, DR SR FH - & 34 {E (balanced &-
means) FERFIET G ARZE I 5 M oy BRI 4 A AR 2
o, AR bR b A B N 1 .

FEARE ) — AR X AN (7] s 28 0L i) o 22 B A [
A 75 6 — N BR KL G, s T 5 H G R 8 5 A AL TR
E X 6. XFR&R G, FR-IE [/ MAERECH
wi=If;GHO=H(f)H)+HG)—H(f,,G,). (9)
B DB RN FIRER G, — AR IFAE R
i&m.,: (a)l ,w.z, P 7a)f).
Bk 1. &b R
ﬁ/\ 1:/]?%{%[‘5‘] L‘U”é}%% T= { (X,,Y),(X,,
Yo) s (X, .Y, ) BRERL B r EARIREL iter;
Byt o AR AL
L AR G, FRLR G g WA AL
G WER ¢ L HREHLERAR S S g,
IR 2. B bRZ R B4R
WHILE iter—>0
FOR [, €L
W21 R L BRI L g FEEURE
ETHIMNEEE d, % o Rm L BIER
ﬁ% Sflag &ﬂﬂﬁ;
W22, %1 kifk:
WHILE flag
O HKBE o RO g0 L 3
A Gy RIS FE B RN Gy R bR
2 AT HET 5
@ IF |G, |> || L | [r] THEN
Q@ ¥ G THEF R JE — B RES ¢,
FFAZARZE N G LBR B dy, BE R oo
@ ELSE B ME S flag MK
© END IF
END WHILE
END FOR
A AR T O A IREL iter U 1.
END WHILE
LR 3. AHBIBREERL GGy el G
3.2 E4RIEFE
VIR () 3k 7E - 4R 00 48 L B et B AR () 9 A L
FTT SR A (] BE B B, X T A5 SRR AR 25 7 AH [R] A AL
AN SECRRAR W) BB Y 25 S, 3 L AR TG I 25 2R 441
DL I 2 02 e ININ G5 v FH ) — Bl R A R 2 3 o
A X, 5X; MBEITHENT .

b
Z (af —at)?,
k=1
AR AR AN [F) R AE 5 A AR 2 00 2R 5 BT,

H R o B Y 22 S R B TE R b 3 R R R AR
FLHY BE S

d(X,.X,) = (10)
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EX 7. X FhR&R G, , 3 T HAE M AE R B
o, 73 BIAEAS [E] 7 AR D0 A 4 R EG B

b
D,,(X,,Xk,)ZJz(wf)z(x‘f—x‘f)z. (1D
k=1

M LD ] LLUFE 225 BT A FRAE AL E R ol =
1i,D.(X,.X,)=d(X,,X,).

B 3. FRAE AL BRI B B 5 — i 1 BR G R
BAXER:

D.(X;.X;) =dloX 0.X;). 12)
IiE B
DF(X;’X]’) -
b
\/mevw—xf)z =
k=1
b
\/2 (wixt —wixt)? =
k=1
dloX 0.X;). i .

H, 00X = (wx! »wix? s solx?). HILA L
FERRAE A R B A RRAE 19 25 5 B b I8 A0
AP DG G B 25 T D230 e o A AR ) AR A0 T 3 A B 7 AR
PR — M P B B R AT 1B 5

TERRER G, b AR X 18— A 5R& 2w
MU ZRAE A 1 ALK IR B 25 48 D, = (D, (X, X1,
D.(X.X;) . D (X, X)), X E 4% D, h s
EFFHES IS 55 b AP B AE BN I E ¢ RIS FE A
X TERRZERL G, BN b A 5O RN 2R A
N.(X)={X;|D.(X,X)<t}.
3.3 mREWN

A £ AN IEAB N, (X)), 2T 2801y ML-ANN 24
TN AR 5 R R B AR X A AR KL G
RS 28 B E R A 15 31 1Y 45 B 28R A 45 R IR e Al
BRI X AR R [ P = (prsposees
Py s HbR 25 HE 2 ) i A] DL AR B S50 A A ) i
Y =y y" ey,

Bk 2. BALFRE AL ZhR % B AR SIA.

A INAREA X SRE kIR T={(X,,
Y ) (X0, Yo) e (X, YD) )RR AR A r AR
B oiter Hp2asE) L

B X M bR S HESR ) B P AR [ Y

AW MRPEF 1 MR s A Lo k7R Ak

R ERL G, (1<e<r).
YR 2. X EEASARARLHEAT AN AL B
FOR e=1 to r
AR 201 WP (DO/RE X TAHRER G 1
FIER 0.

AR 2. 2. XEYINZRAE A RTINS AR )RR AE HE
TR 0.X, (1<i<n) fl 0.X;

A0 2.3 RIER A0 HEMIREA X 557
AINGRREA X, A2, 0 8 X 1 &
ALY FEA N, (X ;

FOR [, €G,

AP 2,40 MR L ML-ANN B350 gt il
N O FPERE { BEARDNECx (L),
R X SARZ L R TIE

pCHD p(Et oy | HD

pj 1 .
D pCHD p(Etq), | HD
END FOR
END FOR
AUR 3. B T A AR 2 B A R T E 4 A ) A5 F
X A WAR 2%
P=(py,psssp,).
TR A bR MR XA R AR 2 )
Y =y ey VIR p, =0, 5,00 3 =
L&y =o.

FRERALTR 2.4 i p(H) KRG rh
TAWMEL Na=DBEANAETHMN (a=0OFARR
R RSB ML R p(EL o) | HD Z R I 2R A
AL Ca= DR EAT [ (a=0) I . JL T 46 i A7
Cx UDMDREARTA [ 9553, 38 1 %% & ] DU
IR SR L )R RS, Bk D 00E
UL SCHRL9 .

4 BIEXEH

4.1 HEERIWIEE

RT R E R A M, A SCIEIRCT R A
Mulan Library"*" {3 3 2 4~ 4038 () 5 A4~ B 52 i 7
1) 22 bR 25 B804 B 20 A7 S 56, 22 2 B304 4R X6 0 1 44
PR A0 0, A S B R AE 4 B L bR 28 s ) bR & 4K
PR AR AR B 1 s

Table 1 Multi-Label Datasets Used in the Experiments
x1 ZHREHEE

Name  Domain # Instance 3?2:2 # Label caiﬁiny
Emotions  Music 593 72 6 1. 869
Medical Text 978 1449 45 1. 245

Yeast Biology 2417 103 14 4.239
CAL500  Music 502 68 174 26. 044
Genbase  Biology 662 1185 27 1.252
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1) Emotions #8545 T 593 Mhrid T 1%
T O AEAS A FEARH 72 AN RRAEE A AL B 8
PR IE A 64 & CWRFAE AT 6 A 1] BE 19 1% B bR 25 36
INBF AR ZENRFET — A TF Tellegen-Watson-
Clark H5 7Y iy 5 iy 1 2% 2R 2.

2) Medical $HE5ES 15 T 978 A T FEAR
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Fig. 2 One error of varying the number of nearest
neighbors
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Fig. 3 Coverage of varying the number of nearest
neighbors
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Fig. 4 Ranking loss of varying the number of nearest
neighbors
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Table 2 Experimental Results Obtained by Multi-label Algorithms (Mean= Std. deviation) on the Emotions Dataset
%2 Emotions HEENIHER (HETHREE)

Evaluation Criteria GFWML-2ANN ML-£NN RankSVM BPMLL BRANN
Hamming Loss ¥ 0.250%0.075 0.260+0.103 0.37840.113 0.318+0.114 0.26840.099
One Error y 0.359+0. 251 0.395%0. 218 0.623420. 342 0.572%0. 235 0.40840. 176
Coverage ¥ 2.11040. 933 2.27241.120 2.98241. 047 3.067%1.133 1.89240. 996
Ranking Loss y 0.236+0.123 0.269+0.129 0.42940. 234 0.429+0.180 0.31440. 110
Average Precision 4 0.731%0.112 0.70340.115 0.5684-0. 195 0.56040. 084 0.67740.097

v : The smaller the value is, the better the performance is. 4 :The larger the value is, the better the performance is.
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B SERE I B4 F GFWML-ANN, B I 44 Sk 58
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XF T Medical £4s 45 . 3% 3 W] 1, 78 WA 46 A

DUIHE 28 Hamloss  1-58 5% 2 Onerror M- Y4 &
Avgprec b, GFWML-ANN 45 fe {6 i . #7746 2%
Rankloss B EARAE FE 55 % Coverage e fI 8 W
413 BPMLL #1 BRENN 3845 , RankSVM fEfr &
PEM A5 AR _E S e 2% (6. GEWML-ANN 83k 78 PEAr
TR HERF 145 Rankloss | PEEENE 2% F BPMLL,
MBS T R Y 3 Bl X HE B k. B8R BRENN 7
B % Coverage RIMEA AP ILAEILAD 4 FhiF-H 15
b A 22 RRDE W 5 25 F GFWML-ANN. gt4h . #]
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Table 3 Experimental Results Obtained by Multi-label Algorithms (Mean= Std. deviation) on the Medical Dataset
R 3 Medical HIEEMIRER (HETIREE)

Evaluation Criteria GFWML-ANN ML-2NN RankSVM BPMLL BRENN
Hamming Loss ¥ 0.01120. 004 0.015-£0. 007 0.07940.152 0.018£0.009 0.01740. 008
One Error ¥ 0.166%0.113 0.242+0.180 0.952+0. 403 0.3244+0.188 0.295+0.181
Coverage ¥ 2.265+1.892 2.685+2.279 22.638+17.129 1.70041. 962 1.03210. 469
Ranking Loss v 0.03540. 031 0.04240.036 0.55540. 447 0.03010. 030 0.10440.081
Average Precision 4 0.867%0.071 0.811+0.112 0.1002+0. 412 0.786+0.124 0.745+0.126

¥ : The smaller the value is, the better the performance is. 4 :The larger the value is, the better the performance is.

gk 4 pros, AR ST AL GFWML-ENN 78
2R Hamloss HFF 8¢ Rankloss F1-F- 7K 2
Avgprec FRIEAR, TMAE 1-45 122 Onerror %

KT RankSVM Fl BPMLL,{H 7£ %8 7% & Coverage I
T 2 FhE k. BT GFWML-ANN, BRENN %4
PBARIATERE 55 % Coverage b RIIIT FEF T YT

Table 4 Experimental Results Obtained by Multi-label Algorithms (Mean= Std. deviation) on the Yeast Dataset
R4 Yeast HIEEMLHBER (BELHEE)

Evaluation Criteria GFWML-£NN ML-£NN RankSVM BPMLL BRANN
Hamming Loss ¥ 0.196%0. 027 0.19740. 031 0.20040. 028 0.21040. 034 0.2054-0. 032
One Error y 0.23820.085 0.240=0. 104 0.233%0.130 0.234%0.118 0.24440. 130
Coverage ¥ 6.38740.728 6.38440.677 6.9540.998 6.41740.774 5.281%+0. 608
Ranking Loss ¥ 0.1721£0. 043 0.17340.036 0.18740. 054 0.17440. 042 0.21540.049
Average Precision 4 0.758%0.063 0.7560.059 0.75620.071 0.75040. 068 0.7394-0. 058

v : The smaller the value is, the better the performance is. 4 :The larger the value is, the better the performance is.
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Wrds br R I 2. r LA AE Yeast 304 42, GFWML-
ENN BB R bW T HA T b B 1

1 CAL500 %4 4 I, B S8 GFWML-ANN [y
SRR R A TE X L B Bk b AR R AR (HA SR
5 1] I, GFWML-ANN, ML-£2NN, RankSVM, BPMLL

TEFTA bR B LT 304 22 5, 1 BRANN B 75 # 5
R Coverage 1 FIEA HIAMAERT 4 TIIFHr 45
b b R B 22 L B LR T & 72 CALS00 $dla 4k b
Hij 4 FPEE LR TC 5 BRENN 3R BLAL 2. 45 5l Hu A
SCAT R GEWML-ANN BT ML-ANN.

Table 5 Experimental Results Obtained by Multi-label Algorithms (MeanZ Std. deviation) on the CAL500 Dataset
£S5 CALSOO HIEEMIBER (BMETRES)

Evaluation Criteria GFWML-ANN ML-ANN RankSVM BPMLL BRANN
Hamming Loss ¥ 0.13940.019 0.14040. 020 0.138%£0. 021 0.14340.048 0.14940.020
One Error ¥ 0.11840.087 0.12040. 069 0.116%0.079 0.116£0.079 0.20640. 186
Coverage ¥ 130.320+9.576 130.09249. 449 129.700+9. 031 129.604+8. 639 95.388+3.758
Ranking Loss y 0.18340.018 0.1834+0.018 0.18340.018 0.181£0.017 0.28740.057
Average Precision 4 0.49340.037 0.49240.039 0.498+0.039 0.49740.037 0.43340.064

v : The smaller the value is, the better the performance is. 4 :The larger the value is, the better the performance is.

Genbase U4 4 V-3 89 A FEAS B A I AR 25 550
BB, BT LA T RankSVM 8 Ah, Ho Al 850 5 48 16
Genbase 4 % FEUS TRGF A5 5. I3 6 mT Al
BPMLL £ 1-45i% 3% Onerror A3 A {E, H W
TN £ A AP P e A 1 s 28 15 O DA AR 52 B 5 A
AR 25, GFWML-&NN HUA5 (4 HE 5 1 2 Rankloss
OV 8 B Avgprec T H & 8B IE, 1-45 52 %

Onerror I Fl 7 35 R Coverage I 43 B L K F
BPMLL I BRANN. 454~ 50 i A5 1y B0 46 2%
Hamloss Z 58N, BIRIEIZEIE4E F ML-ENN
EIE LMW 0 GFWML-ANN & T 3B 4 2k
Hamloss SME £ T 48 b5 T A5 83 06T ML-£NN,
I fE Genbase % #it 4 . GFWML-ANN # & | 41 T
HoA k.

Table 6 Experimental Results Obtained by Multi-label Algorithms (Mean= Std. deviation) on the Genbase Dataset
R 6 Genbase HIEEMIRER (HETREE)

Evaluation Criteria GFWML-£ANN ML-ANN RankSVM BPMLL BRANN
Hamming Loss ¥ 0.0048+0.0100 0.0045=+0. 0086 0.0483+0.0612 0.0044+0. 083 0.004310.0093
One Error y 0.00320.019 0.015£0.048 0.559%0.526 0.000£0. 000 0.01820.056
Coverage ¥ 0.61421.540 0.703%£1.705 6.97749.789 0.74941.714 0.21140.373
Ranking Loss ¥ 0.008+0. 027 0.010+0.032 0.25540. 378 0.01040. 030 0.01240. 042
Average Precision 4 0.99110. 026 0.98320.039 0.54210. 489 0.9864-0. 039 0.980=0. 049

v : The smaller the value is, the better the performance is. 4 :The larger the value is, the better the performance is.
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