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Abstract:Multi-label learning and selective ensemble are two hotspot problems in machine learning. Selective
ensemble is explored in multi-label learning based on clustering. Two multi-label selective ensemble
algorithms, including minimum distance based cluster center selection (MDCCS) and K-means based cluster
center selection (KMCCS) , are proposed. The key is to measure the distance between base learners in the
proposed algorithms. The learners are represented based on their classification results, then the distance
between the learners can be calculated. Besides, two solutions are proposed to solve the problem of empty
cluster in the algorithm. Based on the multi-label data sets in Mulan database and five evaluation indexes, the
proposed algorithms are analyzed in detail. The experimental results show the effectiveness of the proposed
algorithms.
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%2 MDCCSE T4 IEREE M 5 iRtk (Emo-

tions)

Table 2 Comparison of five indicators of MDCCS based

on four distance measures( Emotions)

15979 AP cv HL OE RL
ERAT 0.8188 1.8119 0.1922 0.2475 0.1522
EMJS 0.8039 1.8020 0.1898 0.2970 0.1517
Nol.euc 0.8089 1.8168 0.1955 0.2772 0.1509
Nol.cos 0.8091 1.8119 0.1955 0.2772 0.150 3
Nol.ham 0.8089 1.8168 0.1955 0.2772 0.150 3
Noljac  0.8068 1.8218 0.1972 0.2822 0.1521
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&3 KMCCSET4MEEEEEMNSMIERX L (Emo-
tions)
Table 3 Comparison of five indicators of KMCCS based

on four distance measures( Emotions)

&7 KMCCSET4TEEEEER SMIEIRIT L (Yeast)
Table 7 Comparison of five indicators of KMCCS based

on four distance measures( Yeast)

L AP CV HL OE RL

1919 AP CV HL OE RL
SERET 0.8188 1.8119 0.1922 0.2475 0.1522
F£RJE 0.8039 1.8020 0.1898 0.2970 0.1517
No2.euc  0.8030 1.7970 0.1914 0.3069 0.1533
No2.cos 0.8044 1.8069 0.1922 0.2970 0.1537

No2.ham 0.8029 1.7970 0.1922 0.3119 0.1517
No2.jac  0.8048 1.8020 0.1980 0.3020 0.1516

AT 07619 6.1912 0.1952 0.2246 0.1677
EJE 07599 6.3086 0.1968 0.2377 0.1681
NoZ.euc 0.7626 6.2650 0.1943 0.2356 0.166 1
No2.cos 0.7606 6.2748 0.1956 0.2377 0.1674

No2.ham 0.7630 6.2759 0.1970 0.2345 0.166 4
No2.jac  0.7610 6.2661 0.1953 0.2377 0.166 9

F4 MDCCSE T 47hEE % E S8 5 FIEHRIT L (Birds)
Table 4 Comparison of five indicators of MDCCS based

*8 MDCCSET4MEEEEE/ STIEFRTEE (Scene)
Table 8 Comparison of five indicators of MDCCS based

on four distance measures(Scene)

on four distance measures(Birds) £ AP 4 HL OE RL
ki) AP (Y HL OE RL ERET 0.8562 0.5493 0.0921 0.2316 0.0889
ERCET 0.5590 2.3808 0.0460 0.4942 0.1936 ERJE 0.8537 0.5460 0.0996 0.2400 0.088 4
L5 05651 2.2941 0.0489 0.5058 0.1870 Nol.euc 0.8550 0.5468 0.0995 0.2366 0.0885
Nol.euc 0.5705 2.2910 0.0486 0.4942 0.1864 Nol.cos 0.8556 0.5385 0.0994 0.2358 0.0868
Nol.cos 0.5679 2.2910 0.0484 0.5116 0.1860 Nol.ham 0.8550 0.5418 0.0994 0.2383 0.0867

Nol.ham 0.5644 2.2941 0.0489 0.5174 0.1865
Nol.jac  0.5662 2.2786 0.0477 0.5116 0.1852

Nol.jac  0.8563 0.5393 0.0991 0.2358 0.0875

&5 KMCCSET47EEEER SMIEIRXTLL (Birds)
Table 5 Comparison of five indicators of KMCCS based

on four distance measures(Birds)

®9 KMCCSET4MEEEEH SHIBIRITLL (Scene)
Table 9 Comparison of five indicators of KMCCS based

on four distance measures(Scene)

ER AP CV HL OE RL

15979 AP CcvV HL OE RL
HINET 0.5590 2.3808 0.0460 0.4942 0.1936
EMJE 05651 2.2941 0.0489 0.5058 0.1870
No2.euc 0.5777 2.2817 0.0474 0.4826 0.1858
No2.cos 0.5668 2.3220 0.0479 0.5116 0.1894

No2.ham 0.5608 2.3065 0.0487 0.5116 0.1906
No2.jac  0.5661 2.3158 0.0479 0.5116 0.1878

ERET 0.8562 0.5493 0.0921 0.2316 0.0889

LG 0.8537 0.5460 0.0996 0.2400 0.088 4
NoZ2.euc null null null null null
No2.cos null null null null null

No2.ham 0.8561 0.5217 0.0981 0.2391 0.0839
NoZ.jac  0.8565 0.5276 0.0992 0.2366 0.0848

®6 MDCCSE T 4TI EEMNS ISR L (Yeast)
Table 6 Comparison of five indicators of MDCCS based

on four distance measures( Yeast)

#10 MDCCSE T 475 E 2K 5SMIERXT L (Flags)
Table 10 Comparison of five indicators of MDCCS

based on four distance measures(Flags)

90 AP Ccv HL OE RL
R AP cv HL OE RL SEIRAT 0.8227 3.6615 0.2681 0.1692 0.206 9
SRMET 07619 6.1912 0.1952 0.2246 0.1677 ERJG 0.8212 3.6000 0.2747 0.2154 0.2044
HEWJE 07599 6.3086 0.1968 0.2377 0.168 1 Nol.cuc 0.8241 3.5538 0.2725 0.2154 0.1964
Nol.euc 0.7608 6.2912 0.1957 0.2399 0.1680 Nol.cos 0.8225 3.6000 0.2593 0.2154 0.2010
Nol.cos  0.7608 6.2912 0.1957 0.2399 0.1680 Nol.ham 0.8235 3.5846 0.2747 0.2154 0.1982

Nol.ham 0.7613 6.2814 0.1954 0.2356 0.1677
Nol.jac  0.7608 6.2912 0.1957 0.2399 0.1680

Nol.jac  0.8229 3.5846 0.2703 0.2154 0.1985

TE Yeast B4 45 1, MDCCS 5 86 F (19 4 Fh if
BT D7 27 YOS B T A U 09 P SR B
KMCCS #3519 4 Fh BE 25 1 F 58 07 =00 7 20K
i T AR S 17 B B2 s (H MDCCS 53R (-1 1
K YA T 48 AT 17 IS 2 L KMCCS B T Y
WO IG 2, 00 8 347 ey 1 8 U 1 °F- 00 B

15 Flags ¥4 48 o, MDCCS 53 T (19 4 Fh iE

BT 7 20 S RS B R TR S O SRS B
KMCCS 53 T i Ik G BE B 0 HH B B N 7S K f B
00 S RS B T4 R T SRS B L R A 5% A
JEE 1Y 7 BORT B2 AT 46 U - 2985 2 s B MDCCS
BT B IR LG R B D0 B R A S B T
A BT 1) 5 e 1 RS B

£ Scene $ 5 4 o, MDCCS 8 1k T Y 4 Fh iiE
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F11 KMCCSET4MEEEEEH 5 FIEFRT LE (Flags)
Table 11 Comparison of five indicators of KMCCS

based on four distance measures(Flags)

9% AP cv HL OE RL
SERET 0.8227 3.6615 0.2681 0.1692 0.2069
F£MG 0.8212 3.6000 02747 0.2154 0.2044
No2.euc 0.8225 3.6154 0.2681 0.2154 0.2008
No2.cos 0.8211 3.6154 0.2725 0.2154 0.2021

No2.ham 0.8219 3.6154 0.2703 0.2154 0.2021
No2.jac  0.8219 3.6000 0.2659 0.2154 0.200 3

BTy 7 Y6 B T AR S 09T R B
KMCCS 8.3 T W BE 2 78 R 75 05 B 1 F 248
JE iR TR UG P KRS B H A SR T AR R
P gt R T R T P e v P KRS B2 L T KMICCS 57
T WK TG IR 2 5 4 5% AR AR BE X 1 ) 48 AR (B BR ie A
null /Y Jit B 72 K-means 5 28 53 55 v 1 90 25 7 7 3
AR RTE IR .

M T 7E Scene % 48 5 T fff H A< SC P 42 i 19
KMCCS 5 th 2 FE B4, B — Ui S ad # v
FERRANAL AT AT 24 2] 28 B B4 AR SCHE T W b fi
Y7 R R i e R

S 1R iR D 0 O A 7 A A TR B0 AR AE | Ak
S HZ 0S5 T —WGEA 5 2R g e T ik
TE 4R350 45 SR 00 R IR S A R B R P B B
B A R 5 0 JoT 0 AR Ry A 2k b 7 B s e . I
W, 1-euc, 1-cos 20 AR5 1 Fh i ok J7 15 F A BR G
B 5 A X AR 5 2-euc, 2-cos 43 G R 46 2 Fh iR
YT vE T WK I B 5 A sk A R . SR 45 AL L
F12,

K12 FHBREHEFEHXTLL

Table 12 Comparison of two solutions to empty cluster

ok AP Ccv HL OE RL
1-euc null null null null null
l-cos 0.8560 0.5268 0.0989 0.2391 0.0849
2-euc  0.8562 0.5226 0.0998 0.2391 0.0840

2-cos  0.8566 0.5284 0.0989 0.2366 0.0852

th 2 12 1, 0 A D7 2 4 T 1 T e s
R I, 76 57 2 B A 7 o O K E B 5 190 4 R
FE 5 9 L 0 5 40 TR 5 4 A L5
VPR 03 TS U 0 5 80 R
4 &5 it

ASCH T ZhRiE % TR F 1 PR IE T 5
el VR A BT . — I T i/ A4 B 1
HE DAL RS 93— R SE T Komeans S 1RO 7
P R T PR AT T — R AR H 5

. 54h, T KMCCS L 7F Scene 54 4 F 1)
TR R e TS A T BIR T IR R P s
Ji) R

FEARE I TAE T 1T DL 2237 R v B A i 2
P 0 BB B A A, 191 4 56 R Ak i 2 10 1B B R 4R
BB T HE P (0 22 BRic 1 v AR A
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