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Pre-processing Method of Multi-label Classification Based on kNN
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Abstract Multi-label learning is a new field in machine learning. In order to improve the multi-label classification preci-
sion,a new kNN method was used to remove the noise labels, First,a normal distribution is discovered by analyzing the
characteristics of multi-label datasets, and then the high quality datasets are generated by changing the value of noisy la-
bels to their k-Nearest Neighbors, In the experiments, six kinds of multi-label classification methods were tested on

MULAN with new datasets, Compared to the primal datasets, the classification precision based on new datasets is bet-

ter. Research results show this method is suitable for the data set which has a regular distribution,
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2.1 ZEHEFUBEBESH

M F—A BB AT, HAR MBI EBRTH
AMHEER . DFRANS R E EX T HEENCEFRT
ERBR, B R oE, FEXBERITHEAMNE
B DOVIGREAEN TR, WHERERFBER, NER S
. BRI ARRERME. maESRyAP GEPE
HATERS, XFEARAENRE: DEFEES S KT
KBRS EE R W8 ) AT GEEE
HATPRIERT L BURAR, R E KR EE P2 E HA. X
R TR A RS R L EENEN, WP
il , FELA E AT BB AT  JORE R R BE R 4
RBERMREREE.

MEE ST BHLEE 2 T B B4R R, BUS RIBIE A AR
MR IRREEZREENEM. REELRE
R A ERERD, B35 2 RE TN S
A, WX R BEMN I R HTHRELE-TRES
MR HAER

% F I, A%t MULANE®! | SourceForge!®) b # {44 3
20 MEIBEMNT T R0, BRI BE IR 1 5.
HH, domain 44 H T 5B H 8915 B, instances 2R AR
B, labels R AR %5 BN B, cardinality 7R S8 R A AR
BHFHME , density RSN TE, 7ER 1 F,roviv2

BERVHT s MFENFITER.
£1 Z0BEEEGIHT

name domain instances labels cardinality density
bibtex text 7395 159 2.402 0.015
birds audio 645 19 1.014 0. 053
corel5k images 5000 374 3.522 0. 009
delicious  text(web) 16105 983 19. 02 0.019
emotions music 593 6 1, 869 0.311
enron text 1702 53 3. 378 0. 064
genbase biology 662 27 1.252 0. 046
mediamill video 43907 101 4. 376 0.043
medical text 978 45 1. 245 0. 028
reviv2(avg) text 6000 101 2.65 0. 026
scene image 2407 6 1. 074 0.179
yeast biology 2417 14 4,237 0. 303

MW 1 TUER, BT EEENREEEM density #1R
i, AL 0~0. 1 Z[H, LHASHREREENBIES T
BEABKMBENY; Fetel B, BRANFBIEE MRS
HEBRK @MY 6, KN 983), (BE/HIELH HFHT
HAREAE cardinality #37E (1, 5) FE B P (R A B BIB &£ 4L .
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HMABE, M EREITBTHERSEEE BESEBEN
R BIEHE £, FIARAFREES Y, ={0,1)" LLESHEM
— MRS HIREE SR N S ECHEBRNEMTCES.
F, ATLAE Y ANN kB35 Y, ={0,1)" MR
SEE  ARESNREESY,={0,1}" EREAHSTTHR
BEEG. TRRAXE-HERN TR FEETRHNE 2.2
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2.2 EF kNN B4 E=RR

IR B GGNN) 2 BRI EIe F b BRI, FE
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(DA X BHE48 MIEEA X MIBE R ik B Y aiReA
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—A~ v BEFEN MR MRE.

(OFE v BIESE: y B 2 NEREE R AHEIH, BIEX £
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JE BIRE S TE mulan & BRI DA 894207 kST
R, HF 5 REBAR R AT X BT R B HEBREE R . A5
kBB 1A 3 #EAT T IR, 58 3. 3 W3R 5 MBS MR
k=3 RISKER .

3 RBRERERSH

3.1 SEHEES
SCI0F A A SR 4R 5 XS B0 7T LATE mulan RE50IF
BARMS . AU 6 MRS, REUER RN 2 Frel,

F2 IKBBEERERE

BEE HEANAE BEABEIE HESK
computer 5000 681 33
entertainment 5000 640 21
eron 1702 1001 53
health 5000 612 32
recreation 5000 606 22
yeast 2417 103 14

3.2 ZBIREZEHETHIER
HHNERE S REREER LTI,
(1) Hamming Loss™!
ATFHESESTUMNERSIHFRERW T EME,
Hamming Loss BB/, UL - 283 PERERRET . A TR T
B A SRR ZEXTENER, AW T FR:

L . .
HammingLoss‘:—l- YAz |
ti=1 m

(2)One-Error

BT MRS 5 B, P R FITR R EAR
BFricEE0ER. TP, arg min n (QDRRER o #
PR P HETE SR RT T AR .

One—Error=711—_§1 8(arg min 1; (1)) ,AEY;

(3)Coverage

RAFIFNREAMRCH T 5 B SRR TRENITA
PRICET R R RIREAFOL R E /D BT . max 7,
WORFEER x; BT, HERG H R E .

Coveragezi—ll-é:1 S(max r: () —1),A€Y;

(4)Ranking Loss
AT AR IR O HEF B B R T R E O, R E
BN, AP AE,

. lae 1
RankingLoss= mi;} DABRAl [{asds) i (A) >
(A s Aa ) €Y XY} |

(5) Average Precision
FAF IR BIHET o, HEE R AR 2 Z BT Y
FRICIR TREAVACE S RN, REM K, e E.

_ia 1 LV EY: :n QD<)
AvgPre= m,;l 1Y: | &%, ()

3.3 XRBRERSNW

TN TR R M R 2. 2 W
T kNN B7 AT BIREHTT T SR HAE, AR mA RS
(B4 43 3 L P T 4 L i) 53 28 B ¥k - CLR (Calibrated Label
Ranking) , RAKEL (Random-k Labelsets), LP (Label Power-
set) , MLENN ( Multi-label k-nearest neighbor), Includela-
bels.MLStacking(Multi-Label Stacking), £ Mulan" ¥ &
58] eron BIBENATE LG R. E3IL/BT rEIAE 1
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HT eron HIEE LXK E NG REAE LR, LK &
HIBE R 3.

#£3 kBURFMEAT eron BB | CLR FikH&MERE R

CLR 77 3% B EH k=1 k=3
Hamming Loss 0. 024 0.017 0.014
One-Error 0. 062 0.070 0. 062
Coverage 4,514 3.385 2.554
Ranking Loss 0.018 0.013 0.010
Average Precision 0. 88 0.900 0.917

4 eron BURETALERTE BRI L

Hamming  One- Ranking
Loss Error Loss Precision

Average
Coverage 8

AFEH  0.024 0. 062 4,514 0.018 0. 88
CLR KEE  0.014 0. 062 2,554 0. 010 0. 917

#H  41.96% 0.00% 43.43% 43.52%  4.16%
LR 0.046 0.225 8. 224 0.05 0.715

MLKNN 4&#FE 0,037 0.2 4,711 0.028 0. 766

BE  19.57% 1L11%  42.72%  44.00%  7.13%

AR 0.023 0. 069 10. 46 0. 059 0.819

1
;:1];‘3‘: LEE 0017 0.063 685 0,039  0.854
#EH  26.09% 8.70% 34.46% 383.90%  4.27%

AER 0.02 0.048  12.389  0.081 0. 864

RAKEL. #4#E 0014 0. 049 8. 465 0. 057 0.9
#EH 30.00% —2.08% 31.67% 29.63% 4.17%
AFE 0.041 0.736 35.187 0.517 0. 316
LP ABE 0,027 0. 537 25, 583 0. 369 0.5
®#E  34.15% 27.04% 27.29% 28.63%  58.23%
ML A 0.047 0.271 7.991 0. 053 0.701
Stacking AEE 0.039 0.26 5,764 0.04 0.735
BH  17.02%  4.06% 27.87% 24.53%  4.85%
R5 BTMEEEFLESERENE LD
43k Hamming One- Ranking Average
¥ % HER Loss Error Coverage Loss ¢ Precisi(g)n
health 8.61 2. 80 21.54 23.43 0.91
recreation 9. 67 11,17 13,45 1.43 0. 45
CLR computer 17.17 —3.26  20.82 12. 64 0. 32
yeast 11,11 11. 54 4.18 13.19 0.53
entertainment  12. 05 4.24 24,54 18.75 1. 09
health 6.98 3.26 15, 30 11.05 0,91
recreation 7.71 10. 01 35.96 36. 52 9,54
MLkNN computer 8.91 1.74 14,76 8.27 0.81
yeast 6.78 7.53 5. 47 8.11 1.41
entertainment 6.55 0.72 11,92 6,52 0.26
health 11.71 10. 83 20. 59 17. 65 0. 97
recreation 10,32 —1.32 9. 25 3.35 0.11
I:l];ﬁ: computer  19.44 12.06 17.50 12.48  2.16
yeast 23.53  65.00 7.58 34.83 1. 49
entertainment 16, 00 7.41 17.63 13.41 1.70
health 16. 10 4.29 9.54 6. 87 0.39
recreation 18. 67 7.84 16,72 10. 56 0.72
RAKEL computer 13.75 9. 64 7.40 4,19 0. 84
yeast 20. 54 0. 00 4,93 23. 81 0.13
entertainment 7.07 5,08 6. 85 1.03 0.03
health 19. 89 10. 23 12,74 12,24 5.27
recreation 22.03 7.78 16, 17 14, 64 4.73
LP computer 15.73 8. 40 9.68 8.10 4,56
yeast 7. 30 16. 41 8.75 19.52 4,94
entertainment 17,75 12,07 12.52 12,15 5.28
health 5.48 —1.78 7.79 1. 80 0.16
recreation 6. 66 —0. 80 9.18 4. 63 1,18
ML~ computer 1019 2,34 15,53  10.94 2,90
Stacking
yeast 7.63 4.15 4, 30 7.12 1.23
entertainment 6.74 1.19 9.59 5. 65 1.29
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