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Abstract Multi-label learning (MLL) deals with the case where each instance is associated with
multiple labels. Its target is to learn the mapping from instance to relevant label set. Most existing
MLL methods adopt the uniform label distribution assumption, i. e. , the importance of all relevant
(positive) labels is the same for the instance.. 'However, for many real-world learning problems, the
importance of different relevant labels isloftén different. For this issue, label distribution learning
(LDL) has achieved good results by modeling the different importance of labels with a label
distribution. Unfortunatelys many |datasets only contain simple logical labels rather than label
distributions. To solve the problem’, one way is to transform the logical labels into label distributions
by mining the hidden label importance from the training examples, and then promote prediction
precision via labels. distribution learning. Such process of transforming logical labels into label
distributions is{defined as label enhancement for label distribution learning. This paper first proposes
the con¢ept of label enhancement with a formal definition. Then, existing algorithms that can be used
for label enhancement have been surveyed, and compared in the experiments. Results of the
experiments wreveal that label enhancement can effectively discover the difference of the label

importance hidden in the data, and improve the performance of multi-label learning.
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FREEHEF MWLM, LA RE TR
Y A 0 3 5 A  FLAR S R s B S T .

D 3T 5 F R prac 3G 5. 0 A - 78 X B3
A LB AR ETEE T AT LS 20 R Se 3 i,
PR R S PR T 5 5 B e A T AR S 56
PR TE B Z 56 T B B9 AT R B % T ik v
2 T5 .

2) BT B 7 2 bR 8 0. O A R AOR
BB ARG R OCF B S B AR ic S AT
TR PO B A TR A R ) R T B R S 4k
B B /N 5 e i R 2 TR B AZ R A 12 2 ] A
FRAE 25 [R5 B 0 B B AR AR, £ 1 0k DL AR A A R
BRI RR D 20 A




BK OB AR T 1) AR 043 A 2 ST R AR IC Y R

3) T BB A AR IC 4 9. L TE 0 A A
iE 23 [] 9 41 1 5 2 R 48 = 10 25 1B AH G 1 A5 42
B ARG RO R AR T S 5 RO A B
S BRIC G SR 1 s Bl T R O 2R Bl S
ORI RESILE AR N

3% W

AT SRR BRI A 2 R
3 AR AR IE R B L. T TR R AR AR
OIS B i TR BR A A AR
SE B A A BB & PRI S 28 vk ik R LA
LR EE N 2 A
D) AE—~ N B 55 D or A 6 LBk R
AR I B 5 R bR IE A A R B
2) £ 11 A Zhric s 4 1R 3k T AR 10 B o
PP I3 27 2 Bk 5 Ay MLL ki1 7 X0 .
3.1 KIEE
3.1.1 BudEee
SH AL T 12 AR R 1S AR S
P e A 11 A LS A0 AR 0 B 4.
N CRAE TE P RS R S Tak: K = R
B bRIC oA 2B S b R B x = R AR
IO A = 4 CRIIEA 3 AR . 7 il x = (s
o) MR S D= (dY . dY . dY ) LRI
PR
ti=ax, +bx?+ciHds i=1.2,3, (19)
o =(oa/D’, (20)
= (I t+Ayg)%, @2))
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g = (@l tT A )’ (22)
i %

A =t i, (23)

Hot=G oty 2, €L—1.1]. 3% a=1.0=
0.5.c=0.2.d=1,01 = (4.2, D, =(1,2,4),
o) =(1,4,2),2,=1,=0.01.

NIERIRAERFET BT 5. x iy 2, 2)
i AEL— 1,107 S Bl e BB oA 0. 04, 1 I 4% >R
B HEREE 51X51=2601 IR, 1M x5 K

x5 =sin((x] +25) X, (24)

XAEILA L 2 601 Ao A T8 = 4R R AiE 25 8] Ui P
B R B A 7S A9 X RERY ESEARIE 3 A DO 2
(19) ~(23) 77 /.

H T TR Do S AR 10 . SR X Y
Pric o AR A AR R AR AR - e U iE
34T D R R B HRIREE d7 KX N AR IS v BN
AHEARIE  BRA L= 1. TH55 A0 G HR 10 1 4 38 B Z il
= D0 ap Hth YR M ET AT SR ICE S .

v &P

J o THEA BB A A T 00 4k 25 38 5 i R 1E A
AH 2G5 10 AR A 09 Al AR 1 AR B SR K — AN A
V RS EHE =T TAEA Y BiRicE x
RIS LT A AR IC o 0. A S
i T=0.6.

13 BN B R 2 AR IC LS S 48 H A [6] 09 B

TR R LW SR bR 40 i D RS B A i i

HiE D 5 B SARIC A DSV bR 0 0 R vk
F . BRBIEM fE AR 3. 1. 3 R,

Table 1 Attributes of the Benchmark Multi-label Data Sets
*1 BESHRICHEEREMN

No. Dataset S| dim(S) L(S) F(S) LCard(S)  LDen(S) DL(S) PDL(S) Domain
1 cal500 502 68 174 numeric 26.044 0. 150 502 1. 000 audio
2 emotion 593 72 6 numeric 1868 0.311 27 0. 046 audio
3 medical 978 1449 45 nominal 1245 0.028 94 0.096 text
4 llog 1460 1004 75 nominal 1. 180 0.016 304 0.208 text
5 enron 1702 1001 53 nominal 3.378 0. 064 753 0.442 text
6 msrc 1868 898 19 numeric 6315 0. 332 947 0. 507 image
7 image 2000 294 5 numeric 1.236 0. 247 20 0.010 image
8 scene 2.407 294 5 numeric 1.074 0.179 15 0. 006 image
9 yeast 2,417 103 14 numeric 4.237 0.303 198 0.082 biology
10 slashdot 3782 1079 22 nominal 1.181 0.054 156 0.041 text
11 corel5k 5000 499 374 nominal 3.522 0. 009 3175 0.635 image
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SERHT 2 AT 11 A E 2 AR i B R
X SCHUR AR Ok [ B SN R R AR S T T
T hRic s i MLL 544 MLL Hk. & 1
B T X SRR AR B A5 R R A, b, ST dim (S)
L(S)FN F(S) 43 5 37 B a2 i FEAS KB R AE 2
JE RPRICECH AR IE S B, S hbin ff — ek T2
Pric & 1 G bR AR AR IC AL LCard (S) |
PRic % B LDen(S) JhFRibRiC & & DL (S) FIA bR
A btk PDL(S).
3.1.2 XHEL

L/ I W el o s R S i SV D S TR
SR T AT R A B TR B A TR E
Bt EARER ] L P R IAE X AR L. AR
SE B A A4 FbR O SRR 4 O R TR
BB 28 (0 bR T B R Bk (FCMD | 38 T4 3 I8 1 il o
ICHE SRR (KMD Bk T AR e A% 1 79 b5 10 1 o 55 1
(LP) FE T B i dnic 3 s 55k (ML) Horp ,FCM
th p=2, KM i sREC L R R (K (x; x;) =
xix;) LP B «=0.5, ML kb K 4R &
Noe+1.

SR AR 1 AR NI B AR L RS L 4 fb
B 10 1Y 9 55 AR iR 1E 20 A 5 B SEARIE 43 A AR B
POAR LR BE . 26 2 F8 40 11 > ZAnic8dii 4 T XLt
FET AR s MLL FiE e MLL Bk, frig Ak
THRICHT SR 19 MLL J248 25 73 0 FH 4R hR 10 550 55
20 U A v AT Y 22 R R Y B O AR 10 A1 5 AR
S HIARIC 23 A 2 2 34k SASBFGS R MR 1] 2] b3 i
3 B SR AR e S AE R S 3. 1L 1 A A
TAEAR T TN R A BRI S e A R i AR .

FHTXF e 6% MILL G507 40 45 4 A MLL 5
W 9 & R4 B K binary relevance (BR)P!Y,
calibrated label hranking ( CLR )™, ensemble of
classifiefichains (ECC)™ il RAndom K-labELsets
(RAREL)®), 5 4 Ffb & 3 # £ MULAN MLL
£ FaE 1T, Je Ay 2K 28 o logistic regression fE &Y,
ECC 2R REE i & 30, RAKEL 1 4 & RUBE 15 &
H2c HK=3.
3.1.3 TP IR

B i 1 9 55 Y R AR AC o A RN B R R
B —A> H AR AR Y 5 5 i bRag o0 A 5 JL L)
Ais 2Z ] 19 - X B g SRR AL BE . AR 40 SOk [8 ] o iy
WAL R A 6 AR YE R R IC 20 A PE e A

4358 Chebyshev #F 5 (Cheb) . Clark 2 (Clark) .
Canberra 5 B (Canber). Kullback-Leibler #( &
(KL-div) \ 4% 5% AH 5 2 % (Cosine) Fl 58 SUAR M JE
(Intersec). HA, |/l 4 MR EIEE IR, )5 2 N2
ARARLE 8 B . BB L 592 Bk 10 23 A1 G 5 5 00 B 3 70
T8 H D= (dy . dy s d) I D=(d,.ds. s

d) SRR AR I 2 FR. Hd A5 R4
%E EI(J“ ¢ ”%%/ji“ﬁ’ﬁ&ﬁﬁ%” s “ % ”%ﬂi“@%ﬁﬁ}”.
Table 2 Evaluation Measures for Label Enhancement

Algorithms
F2 fRiCIGEEENIEM ISR

Measure Formula
Cheb y Distﬂ[),b)zmax‘d,*% ‘
J
Clack § Disty (D, D) — (d; —d)”
=1 (d;j+d;)?
Canber y Dists(D.D) = 2 M
i=1 d;+d;
) . - . d;
KL-diviy Dist,(D,D) = > d;ln -
j=1 d;
. Ed/‘ji
Cosine 4 Simi (D, D) = ———"L—
A 204 A] 20d;
i=1 i=1
Intersec 4 Sim»(D,D) = Zmin(d,,cjj)
i=1

Notes: “y ” indicates the smaller the better, and “ 4 ” indicates

the larger the better.

RepricH o vk 5 & 5 MLL J5 3k He Bt
AT T MLL 5 JI89 5 FhaEAr 458 45 . 20 501

& Hamming-loss, One-error, Coverage., Ranking-

loss il Average-precision®*).
3.2 XBHER
3.2.1 tnicoAi LB

ST W AT AR AR 1O B i ) ORI N i AL
Pi S RIS/ AT Y 3 >0t 20 6 B RGB B (4 25
(] 3 A0 €030 T 3R S AN s 481 B A 12 43 A gk AT
LT 49125 18] Fh i 2000 R EOUE 7. ARl 3. 1.1 79
R ) N8 B SR A D7 B W] . 2 601 A REAS G40 A
TE =47 )28 [ g — A 8 b Rt 38 0 X A4~
DB b B (e A R AT O ) T A [ G5 A T 1
MIROCR. B 1 B 17 O 5s 5 B B SR id o A
(1)) R K 4 Fhbr 10 3 o 550 15 15 31 B9 A5 0 53 A

@ http://meka. sourceforge. net/ # datasets Fll http://mulan. sourceforge. net/datasets. html
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(B 1(b)~1Ce)). A T J7 L%, B 1 b e L
B 200 N T 22 A0 S Hi i (decorrelation stretch) 4
AR B X L. I 1 AT RLE L LP Biktnid
i i e R AR R 4 FLCARIE A A KM BTk
A ML Sk 0 1 5 J5 1Y B (A U 5 B S0 AR il 40
A A ARL L FCM 88 12 1 0 40 A R L S 22 B K.
20 FRATTRE 4 Flbr 0 3G o VL AE N 1S BE
LR TER . L 3G T 4 MiRid
HESRBIEAE SR 2 PRon 0y 6 RN 46 br LAY L3R 45
B ARG G5 TR g TR R S i HE Y L O

HEeit 78R A A debr L3 HE P, & 3
SRS E 1 n] Ak e g R — B AR 4
WHEF : LP> KM > ML > FCM. LP % ¥ i % B 5%
U UM ZFE AR R T R AR B AR I AT T
it 7 481 ) A OC A5 2% 32 48 b5 12 BE4T T 4 58 s KM
GRS USSR N oL SR R T (alra i T
At 2 Wi 25 PR B ot BE A8 A5 B B AN Y
S5 ML BA T T AR K 7R LRl i A D615
LG HRICAHEME B 8 TR (H g 1 AR R
HE f% O BE 95 22 1Y) D 0y 32 A S SOl i 19 5 28R

(d) ECM

(e) ML

Fig. 14 Visual comparison between the label distributions generated by the label enhancement

algorithms and the ground-truth label distributions

V1 AR O R B R R IR bR AC 40 A 5 LS AR AC S A B4 AT R AL X b

Tabler3, Quantitative Comparison Between the Label Distributions Generated by the Label Enhancement Algorithms and

the Ground-truth Label Distributions

®3 HREEEBEERERNRESFEEIRIESFHEE N

Criterion LP(Rank) KM(Rank) FCM(Rank) ML(Rank)
Cheb y 0.125663(1) 0.16292(2) 0.20096(4) 0.177705(3)
Clack ¥ 0.443606(1) 0.474112(2) 0.529347(4) 0.484739(3)
Canber ¥ 0.651589(1) 0.707676(2) 0.78512(4) 0.72924(3)
KL-div § 0.076333(1) 0.126129(2) 0.151067(4) 0.134479(3)
Cosine 4 0.975115(1) 0.9515(2) 0.929369(4) 0.941934(3)
Intersec 4 0.874337(1) 0.83708(2) 0.79904(4) 0.822295(3)
Average Rank 1 2 4 3

Notes:* ¥ ” indicates the smaller the better, and “ 4 ” indicates the larger the better.



1180

HENMR S KRB 2017, 54(6)

5 KM Bk 08 s FCM 3L AR ic 2 A AR b il Ji 4R B IR T AR ic W s 9 MLL 51848 MLL 5

FIT i A B 5 1z 3 N A A0 42 i AR A A
AT L PRI bR 30 8 i 1) AR B 22
3.2.2 MLL WA

AR AR LR 10 4% 38 SURIE i sk B A
B TE 5 A MLL T 8 b5 b 197 X (8, 25 2R
= 4~8 . /\EP PO AR BR IS B ¥ 7RO AR

SHH S 2 o AE 11 A ESHE R A 2RISR BTt A SRR B R A A B A AR b A

Table 4 Comparison of Multi-label Learning Algorithms on Ranking-loss y (mean=std)
#* 4 MLL &% 7 Ranking-loss y $§ix (BHE LiREZE) EHILEE

Dataset LP(Rank) ML (Rank) KM(Rank) FCM(Rank) BR(Rank) CLR(Rank) ECC(Rank) RAKEL(Rank)
cal500  0.18120.003(1) 0.18840.002(2) 0.197240.004(3) 0.485-0.010(8) 0.25820.003(6) 0.239240.026(5) 0.205+0.004(4) 0.44440.005(7)
emotions 0.18220.012(1) 0.231+0.012(5) 0.202+0.010(2) 0.43540.020(8) 0.23340.016(6) 0.222-40.014(3) 0.227+04017¢4) 02254 +0.020(7)
medical 0.03440.006(3) 0.03220.005(1) 0.100740.013(6) 0.40970.026(8) 0.091+0,005(4) 0.123+0.026(7) 0.032H0. 007(240.09540. 033(5)
llog  0.12540.005(1) 0.15840.005(3) 0.3584-0.012(6) 0.45340.011(8) 0.328=0.007(5) 0.190-£0.015(4) 0.1540,009(2) 0.412+0.010(7)
enron  0.09140.003(3) 0.09040.012(2) 0.2870.010(6) 0.49720.013(8) 0.31240.009(7) 0.0890. 002 (1970, 120+0. 004(4) 0.24140.005(5)
msra  0.14140.014(1) 0.15740.010(2) 0.16720.008(3) 0.50540.015(8) 0.3684-0.021(7) 0.288=40.018(5) 0.332-05047(6) 0.223-0.075(4)
image  0.18174-0.008(2) 0.14320.007(1) 0.32540.101(7) 0.4930,014(8) 0.314+0.014(6) 0.29440.009(4) 0.27640.005(3) 0.31140.010(5)
scene  0.0870.006(2) 0.06430.003(1) 0.49040.038(7) 0.49440.017(8) 0.229740.010(6) 0. 127-20.003(3) 0510.005(4) 0.205+0.008(5)
yeast  0.17474-0.004(2) 0.16820.003(1) 0.35140.005(7) 0.503-0,004(8) 0.190+0,004(4) 0.198+0.008¢5) 0.19040.003(3) 0.,2454-0.004(6)
slashdot  0.1322£0.005(3) 0.09540.003(1) 0.25140.009(6) 0.43440.005(8) 0.24040.008(5) 0.26040.007(7) 0.123=40.004(2) 0.190=0.005(4)
corelsk  0.14540.002(2) 0.16340.003(3) 0.300=0.004(5) 0.47240.004(7) 0.416=40.003(6) 0.1140.002(1) 0.29240.003(4) 0.62740.004(8)
Average -
Rank 1.909 2 5.273 7.909 5,636 4.091 3.455 5.727
Table 5 Comparison of Multi-label Learning Algorithms.on One-error y (mean= std)
% 5 MLL BE7E One-errory Eir (HELHRAEE) LR
Dataset LP(Rank) MIL(Rank) KM(Rank) FCM(Rank) BR(Rank) CLR(Rank) ECC(Rank) RAKEL(Rank)
cal500  0.12020.015(1) 0.14140.016(2) 0.230740.025(4) 0.957 0. 024(8)»0.921+0.025(7) 0.331+0.111(6) 0.191+0.021(3) 0.28640.039(5)
emotions 0.30320.027(1) 0.352+0.021(3) 0.326+0.010(2) 0. 635+0.020(8) 0.37540.027(6) 0.356=0.030(5) 0.353-0.040(4) 0.392+0.035(7)
medical 0.21340.021(4) 0.17920.019(1) 0.38020.049(6) 0£978=0.013(8) 0.2970.036(5) 0.68840.143(7) 0.182-0.019(2) 0.208+0.071(3)
llog  0.74840.011(2) 0.68320.018(1) 0.85700013(5)| 0. 9797-0.004(8) 0.884--0.011(6) 0.900-£0.019(7) 0.785-0.009(3) 0.8380.014(4)
enron  0.31140.013(2) 0.25820.090(1) 0.490=£0.015(6) 0.91740.013(8) 0.6484-0.019(7) 0.376--0.017(3) 0.424+0.013(5) 0.41240.016(4)
msra  0.097£0.028(2) 0.08540.011(1) 0/12840.019¢3) 0.59340.045(8) 0.4644-0.032(7) 0.31240.085(5) 0.420-0.105(6) 0.302-£0.103(4)
image  0.35374-0.017(2) 0.27240,009(1) 0.587+0.110(6) 0.763-0,020(8) 0.538+0.019(7) 0.51440.014(4) 0.48640.018(3) 0.51540.017(5)
scene  0.27040.016(2) 0.19420.008(1) 0. 802320.027(7) 0.8194-0.014(8) 0.47540.014(6) 0.371-£0.008(3) 0.3730.008(4) 0.444+0.012(5)
yeast  0.24140.011(2) 0.22820.009(1)0.382+0.012(7) 0.682%0.056(8) 0.28540.008(6) 0.270=0.007(5) 0.25640.007(4) 0.25140.008(3)
slashdot  0.558-20.009(4) 0.382%0.009(1) 0.6380.010(5) 0.93140.009(7) 0.73440.017(6) 0.97974-0.003(8) 0.4810.014(3) 0.453-0.005(2)
corelsk  0.75540.005(5) 0064720, 007(1) 0.736-20.004(4) 0.98940.004(8) 0.9194-0.006(7) 0.721-0.007(3) 0.69940.006(2) 0.81940.010(6)
Average - -
Rank 2.[455 1,273 5 7.909 6.364 5.091 3.545 4. 364
Table 6. Comparison of Multi-label Learning Algorithms on Hamming-loss y (meanzstd)
% 6 MLL B ;X7 Hamming-loss v #EFr (BHE L REE) FHLER
Dataset LP(Rank) ML(Rank) KM(Rank) FCM(Rank) BR(Rank) CLR(Rank) ECC(Rank) RAKEL(Rank)
cal500 “0,167-£0.004(6) 0.13840.002(1) 0.14140.002(3) 0.216-0.002(8) 0.21440.004(7) 0.16540.005(5) 0.146+0.002(4) 0.13840.002(1)
emotions 0.22320.007(1) 0.243+0.010(2) 0.253+0.008(3) 0.35620.010(8) 0.26540.013(5) 0.27040.011(7) 0.254--0.013(4) 0.269-0.011(6)
medical 0.01720.001(3) 0.28340.027(8) 0.03240.000(6) 0.11140.001(7) 0.02240.003(4) 0.02440.002(5) 0.0130.001(2) 0.010%0.003(1)
llog  0.016%0.000(1) 0.02140.001(5) 0.07040.004(7) 0.09340.001(8) 0.052-0.003(6) 0.019-£0.002(4) 0.016-£0.000(1) 0.0170.001(3)
enron  0.06320.003(3) 0.05120.001(1) 0.068-0.001(5) 0.15440.003(8) 0.10540.003(7) 0.072-0.002(6) 0.064+0.001(4) 0.0584-0.001(2)
msra  0.2790.017(4) 0.20940.009(1) 0.21940.005(2) 0.35540.009(7) 0.40474-0.037(8) 0.342740.033(5) 0.353-0.037(6) 0.2370.079(3)
image 0.19074-0.005(2) 0.156=0.004(1) 0.265-0.051(4) 0.3520,009(8) 0.287+0.008(6) 0.305%0.005(7) 0.24440.005(3) 0.286=40.007(5)
scene  0.12740.005(2) 0.07620.003(1) 0.28140.010(7) 0.2854-0.005(8) 0.18470.005(6) 0.181-0.004(5) 0.1330.002(3) 0.17140.005(4)
yeast  0.21440.004(3) 0.19620.003(1) 0.286-0.004(7) 0.35540.010(8) 0.21940.003(5) 0.222-0.002(6) 0.21640.002(4) 0.20240.003(2)
slashdot  0.0600.002(5) 0.04320.001(1) 0.0900.002(6) 0.13440.000(8) 0.130-£0.003(7) 0.058+0.001(4) 0.04940.001(3) 0.048--0.001(2)
corelsk  0.02440.000(5) 0.01020.001(1) 0.097-0.000(7) 0.10340.001(8) 0.02740.000(6) 0.011-0.001(2) 0.015+0.001(4) 0.01240.001(3)
Average 3.227 2.136 5.182 7.818 6.091 5.091 3.5 2.955

Rank
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Table 7 Comparison of Multi-label Learning Algorithms on Coverage { (mean=std)
£z 7 MLL &A% Coverage y I5fR (W ELIREE) LR

Dataset LP(Rank) ML(Rank) KM (Rank) FCM(Rank) BR(Rank) CLR(Rank) ECC(Rank) RAKEL(Rank)
cal500 0.7472£0.007(1) 0.780+0.008(3) 0.77740.010(2) 0.888=+0.006(7) 0.852+0.014(6) 0.794+0.010(5) 0.788=+0.008(4) 0.971+0.001(8)
emotions 0.318+0.031(1) 0.35740.009(5) 0.33470.002(2) 0.482+0.003(8) 0.36340.015(6) 0.351%0.016(3) 0.356+0,013(4) 0.38140.019(7)
medical 0.05240.001(3) 0.048£0.008(1) 0.125+0.015(6) 0.436+0.024(8) 0.11840.007(5) 0.14340.030(7) 0.048+0.009(2) 0.117+0.040(4)
llog 0.159£0.006(1) 0.16240.008(2) 0.34040.012(5) 0.40920.011(7) 0.377£0.008(6) 0.225%0.016(4) 0.19240.010(3) 0.45940.011(8)
enron  0.242730.005(1) 0.256+0.017(3) 0.577£0.015(6) 0.736£0.013(8) 0.601£0.014(7) 0.24340.006(2) 0.300%0.009(4) 0.523£0.008(5)
msra 0.54340.020(1) 0.574+0.016(2) 0.586+0.017(3) 0.86840.007(8) 0.759+0.018(7) 0.720+0.023(5) 0.74340.033(6) 0.628+0.210(4)
image 0.198+0.007(2) 0.16830.007(1) 0.29740.089(5) 0.445+0.012(8) 0.30140.012(7) 0.286=40.008(4) 0.272+0.005(8) 0.29840.010(6)
scene  0.171£0.009(4) 0.067£0.003(1) 0.41940.029(7) 0.424=+0.014(8) 0.207+0.009(6) 0.12040.007(2) 0.141+04004¢3) 05186+0.006(5)
yeast  0.45130.005(1) 0.454+0.004(2) 0.633£0.004(7) 0.783£0.012(8) 0.47440.005(3) 0.49240.006(5) 0.4760,004(49,0.558+£0.006(6)
slashdot 0.1484-0.005(3) 0.112£0.003(1) 0.267+0.009(6) 0.43740.005(8) 0.2597+0.009(5) 0.2724+0.007(7) 0.13940.004(2) 0.2127+0.005(4)
corel5k 0.328+0.005(2) 0.37240.006(3) 0.608=40.004(5) 0.73540.004(6) 0.758+0.003(7) 0.267£0.004(1) 0.562+0,007(4) 0.886=40.004(8)
Average op
Rank 1.818 2.182 14,909 7.636 5. 909 4.091 3.545 5.909
Table 8 Comparison of Multi-label Learning Algorithms on Average-precision # (meanzstd)
% 8 MLL &£ 7E Average-precision A #5ir (W ELRAEZE) EE L&
Dataset LP(Rank) ML(Rank) KM(Rank) FCM(Rank) BR (Rank) CLR(Rank) ECC(Rank) RAKEL(Rank)
cal500  0.496740.005(2) 0.501£0.003(1) 0.476+0.005(3) 0.159740.004(8) 0. 300=-0.00547) “0.395+0.042(5) 0.46340.006(4) 0.353+0.006(6)
emotions 0.779%0.012(1) 0.73740.013(5) 0.76040.010(2) 0.564+0.020(8) 0.730%0. 015(6) 0.742+0.016(3) 0.740+0.021(4) 0.71740.023(7)
medical 0.83740.018(3) 0.865£0.014(1) 0.710£0.031(5) 0.1124£0.,013(8) 0.762:0.022(4) 0.40040.062(7) 0.860+0.015(2) 0.700+0.234(6)
llog 0.390£0.009(2) 0.405%£0.013(1) 0.220+0.007(4) 0.0802=00003(8) 0.215+E0.009(5) 0.194=40.018(7) 0.34240.009(3) 0.19740.013(6)
enron  0.66140.007(2) 0.681£0.053(1) 0.446+0.010(6) 0.1312£0.005€8). 0.381+0.009(7) 0.61040.008(3) 0.559+0.008(4) 0.539+0.006(5)
msra  0.800£0.020(1) 0.79240.012(2) 0.77140.011(3)00.440+02013(8) 0.540+0.015(7) 0.624=+0.022(4) 0.567=+0.048(6) 0.601+0.200(5)
image 0.77540.009(2) 0.824£0.006(1) 0.650+0.086(6) 0448640.011(8) 0.64940.012(7) 0.666+0.008(4) 0.685+0.008(3) 0.661+£0.010(5)
scene  0.842+0.009(2) 0.885£0.004(1) 0.42840,027(7)10,422+0.013(8) 0.692+0.010(6) 0.778+0.004(3) 0.766+0.005(4) 0.71340.008(5)
yeast  0.75340.006(2) 0.765£0.005¢1) 0.603£0.006(7) 0.424+0.012(8) 0.73440.004(4) 0,73040,003(5) 0.7414+0.004(3) 0.720£0.005(6)
slashdot 0.57940.009(4) 0.711£0..005(1) 0,489+0.009(5) 0.19340.007(8) 0.427+0.014(6) 0.250+0.007(7) 0.62840.009(2) 0.617+0.004(3)
corelsk 0.241740.002(4) 0.297%0.002(1) 0. 21804004(5) 0.027=40.004(8) 0.123+0.003(6) 0.274+0.002(2) 0.264740.003(3) 0.122+0.004(7)
Average _ _
Rank 2.273 1. 455 4.818 8 5.909 4,545 3.454 5.545
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Table 9 Friedman Statistics on Each Evaluation Measure

K9 BMIEMIBIR LK Friedman %t &

Measure

Fr

Critical Value

Ranking-loss 22.914507 77 3.1355
(B35 KT BRI M 7E T A 46 A b #0T L4 48 Ji One-error 28. 972392 64 3.1355
fBise s BNTE A48 An b T A 58 15 19 S S HE e A 2 4B Hamming-loss 14. 634028 11 3.1355
—FERY. ZEIC R AL L% 0 5 2 2P Nemenyi £ Coverage 19. 206 896 55 3.1355
W Sfe Ko T R 7 = [ 10 S 449 HE 1 e L 5 S T Average-precision 27. 36764706 3.1355
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Fig. 2 CD diagrams (CD=2.8096) of the Nemenyi tests ongthe'eight algorithms for the five evaluation measures
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