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Multi-label K nearest neighbor algorithm by expioiting label correlation

TAN Hefeng ', LIU Zhengyi
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Abstract: Since the Multi-Label K Nearest Neighbor ( ML-KNN) classification algorithm ignores the correlation between
labels, a multi-label classification algorithm by exploiting label correlation named CML-KNN was proposed. Firstly, the
conditional probability between each pair of labels we
and the conditional probability of the label to be pr

saleulated. Secondly, the conditional probabilities of predicted labels
icted were ranked, then the maximum was got. Finally, a new
classification model by combining Maximum A Posteriori { MAP) and the product of the maximum and its corresponding label
predicted. The experimental results show that the performance of CML-KNN
rthms, namely MIL-KNN, AdaboostMH, RAKEL, BPMLL, while only two

value was proposed and the new label value

on Emotions dataset outperforms the othe

evaluation metric values are lower than those of ML-KNN and RAKEL on Yeast and Enron datasets. The experimental analyses

show that CML-KNN obtains better
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assification results.
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2762 AL A # 35 A&
AFREERIXAE I KO S hR 2 4 S B TRV T 47 b S (e Tandy 5 1)
SEACHERITL JEUR T RIS RECR. P(Ho ) o N -

e 2s +m

1 MExN4

1.1 SHZEMEEX

BORBIZE G X = (2,0, 5, " SRESER Y =
[y, yaomers 2, U ARG S T B ER RN D =
{(x, )11 <ismux e X,Y, CYI BIREFIEERNT
B4 RMINGE D PEIBE— SR RBE X x
YR, f(x, y) FTUEERE] » BALHIIRE vy IR KA
#, T HRIE ML 73 28 R A BT AR AR B T S A MRS £ 4
1.2 ML-KNN &%

ML-KNN Bk 2R A KB 2 e, 726K tHRE AR 1 K
MEPEGIHEBER AT NREER, Bl X ER
R 1 75 2R W B bR S G

BRR G x AN RS E Yy HEy C Y, 4y, &
AERNREERE W TH A YORELER &
HIn, y, Kagy (1) = 1, FWEHER 0B N(x) BaaRR
TR FEVIN SRR P kNG AREE , C (1) FRIEEBES N(x)
W AR H M SRR R AN B, s il « S ARZE LI EE
8 Hy 2Bl AEERRE LB E (0 <j<I N 1) %
INFE x WREARH A J ARl E AR L.

HF Uk i MR ER A 20 ML-KNN 5 5 4 43288 s 2 1 20
(1) Pz

P(H,)P(E,;| H,)
y.(l) = arg ,max W
arg max P(H,)P(E;| H,) (1)
B (1) EHRDRFER » ERUERE L

X Fa— M ARy, , JLR N Se g A ] Pl A

(2) 153:

m
3,
s+ 2T

P(H) = ——=—, P(H)) =1~ P(A) (2)
JEWAER P(E; | H,) TTUHR(3) ~ (4) 153
P(ETH) = s el (3)
(sI N(&) 1 +1) + Zac[p]
P(E]l'l Hé) = >t c,[j]uvu)\ (4)
(sI N() 1 +1) + Zac'[p]
2 AXHE®

AR B ab Bk B — R (1 <i < ¢) R
HESHAMRER KRR B F; RASTER RS « b H; Jl5r
I, H, ST BT s Fy R AR R ] o o H, RS L, 1R
SERVEE,

{P<Fi,-> = P(H,| H;) = P(HH,)/P(H,) s)
P(F,;) = P(H;| ~ H)) = P(H~ H)/P(~ H,)
He.j>i,H
s+ Z(yi e Yandy, e 1))
P(HH,) = ————F—— (6)

P(HH,) F75 W7 ]« Rl B bR y, Ry, (ORER , 1]
P(H~ H,) Fmk Wm0 BT FRE y, T BAT v, HOBER ¥
K (1).(6) (1) fRAR(5) K18 P(F;) M1 P(F;),

(F,m) = arglggﬁl(P(Fi,—))

(Fjon) = arg max (P(F;))

o F %R POF,) B, BN H, BSEAE, H, Bz
MR B A ; F, 7% P(F,) "B, B0 25 H, RRrAe,
H, WS MR B Bl s 765K A8 F, FIT, 3R a0 50 T
FREE 2 IR AR 2, m 0 m 53 2R Aot o A A (B P P 2

F RS B B A A BUIME S 4 B (2) rf:;lemmﬁ ¥;
(o8, B 42 B

S, y)
P(H)la x P(C, | H) + (1 —a) X F; x prection(m) ]
P(~ H)[axP(C - H) + (1 -a) XIT']. x prection(n) ]

(8)
Foe, prection(m) F prection(n) 535 37N Xk Bf e KAH B AR
A s (RS 7T PR A RSP M, TS 2
BRI IR LU R R
#3k CML-KNN,
WA IFEORR X AR ER Y, BIESE K, FESH. &

$a.
B s mmrmxﬁ i PR o
) forie{1,2,--,q} do
2) forje{l,Z,"-,mf do
3) calculate label counting P(#;) and P(= H;) according to
equation (2);
4) end
5) forke {1,2,--,m} do
6) calculate F; and Fy according to equation (5) ;
7) set m and n according to the F; and Fy;;
8) end
9) end

10) forie {1,2,---,m} do
11)  identify N(x) for x;

17Y end
1Z2) ena

13) forje {1,2,--,q} do

14) forke{1,2,---, | N(x) |}

15) calculate P(C; 1 H;) and P(C; 1= H;) for y; according to
equation (3);

16) end

17) end

18) fory, Y, do

19) set f(x, y;) according to equation (8)

20) if f(x, y;) >1, sety; to +1,

21) else set y; to O3

22) end

3 EBERE NN

BT IRI A SCE B Bk, 72 MULAN ¥ & ESSBL T
CML-KNN &, MULAN E—45F WEKA [T A, @
H—sR R AR E Y,
3.1 iR4riEsR
LAREE BT B M TR AR IR SR B A B
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Fl, SR 2 A B R ER AR & 2 R A B S 18 4%
ASCR AT PN EE R 2R IR AOPERE
1) hamming loss!™’ ;

hloss,(h) = %i %l h(x,)AY, | (9)
Hp A HREEPWANESG ZENERZE, | « | FiREES
IR/ o AR AR T T8 SR Z [ RO RS FR 22 , BIFE R A A
TR TZREA NS DI T TR TZEAR RS A
o

2) one-error:
1 P
- = — . Y. 10
one-error (f) » ;:1 [[arg max f(x;, »1eY] (10)

Hep W FERIE 7, Y 7 Bors [«] BUEN 1, B0 (]
BUER 00 BLAHR 5 BEAEREA R BUIAR EHEF F 51 b 1 /7 51
AT AR ZE AR TR AR R AR E I

3) coverage
1 P
-1y k(x, y) -1 11
coverage(f) o Iyngr)f rank:(x;, y) (11)

AR ARE AR A M BUAR T o0 h B 8 T
ARH A S T BRI EE R
4)ranking loss;

1 - 1
l - — 7_' ! " |
rloss(f) pg{lYi||Yi| F s ™)

My y) < flxyy") (0, y") € Y X
AR IR B BEAEREA W TINAR R T P 510 D A HE AR AR
T KA AT B o
5) average precision;
avgprec(f) =
1 1 iyl rank (s, y') < rank(x;, y), ¥ e L1 1
pzlYl rdanky(%. ) 5

i=1

(13)
VLR B e A A B AR B e P 3 o A 7 5 i T
MRS R THAEE S HE L.
EIRFCR PR A e B AR AT AL (R B
PERERLLT , average precision (A REMLT .

3.2 HiE&%
LRI AR E IR LR SCAR RS = AN [ U B 42
HeATE R LB, BB R W BAE BNk 1 Bim o

F1 BUEE
name Instances labels cardinality  density
Emotions 593 6 1. 869 0.311
Yeast 2417 14 4.237 0.303
Enton 1702 53 3.378 0.064

# 1 o :cardinality RoRAREE 0 F 50, AR BF 1555
A density RSB L, AR MBS SR8 BRI L
fHo
3.3 RBAERKRSH

SE %R LB R A TR e Ty 5K, Ko
T2 ~IRINH T AL BE K S 6 R 11 B S5 45 2R
Fd ~ 67455 1 f Emotions , Yeast 5 Enron ¥4 _F 1%+
TEEER, 1150 LR REERE/MERR T, ¢ T 7R
FEAR ALK BT, IR 2R E R —AT7 T LS HCT MR
TR,

N2 ~3 TR T SRAR S, A AR BT X F R
R A AR, AR s 1945 B, DA TIT B B8 4T 3 R
A5 1] A A DX Ao 7R 0 0 o R, {1 T B 2 {8 O 2 PR 3
hitsa B BUEA SR BEEF, 2 a = 1 IFXF0 =2 ML-KNN &
% a=0.8 15, CML-KNN 55 ) & PR 4855 K P RE IR BT o

# 4 - 6 HEI BN LB ¥ 53 5 ML-KNN AdaBoostMH.,
RAKEL.BPMLL, Hrjt ML-KNN #1 AdaBoostMH & )& T — [
Ab¥E s, BPMLL & " Frib 37 5 , 1 RAKEL 2 B £ 45
BayE Y, ST E T CML-KNN F1 ML-KNN # K BUE#R
R 11,a AR 0.8, R4 PRYSZIEE R R, CML-KNN 35
HEE Emotions BUEAE I M PEREII R T HAMF 1 5 1 Yeast $4
#i%E b CML-KNN BB EAEPNFE 45 ranking loss b ) BERY K
T ML-KNN S5k (R A R br b 45 R4 T HAl
B3 6 CML-KNN B i 7E$0E £ Enron ) hamming loss
0 one-error PP IRFR_EIERE(NZE T RAKEL B3k {HE7EH AL

R2 K=6HEREZSTE o« EHAXEZHXBLERILER

. ~ CML-KNN

MR PR MIANN a=0.75 a=0.8 4=0.9
hamming loss | 0.1965 +0.0269 0.1971 £0.0260 0.1928 +£0.0273 0.1945 +0.0263
one-error | 0.2688 +0.0807 0.2768 +0.0733 0.2685 +0.0806 0.2718 +0.0745
Emotions coverage | 1.7800 £0.1615 1.7597 £0.1522 1.7631 +£0.1626 1.7580 £0.1543
ranking loss | 0.1633 +0.0294 0.1625+0.0291 0.1622 +0.0306 0.1614 £0.0296
average precision T 0.8018 +£0.0398 0.8025 +0.0378 0.8039 +0.0404 0.8039 +0.0386
hamming loss | 0.1920 £0.0100 0.1932 £0.0112 0.1905 +0.0108 0.1918 £0.0113
one-error | 0.2400 +£0.0267 0.2387 £0.0196 0.2329 +0.0262 0.2363 +0.0239
Yeast coverage | 6.2287 +0.1890 6.2071 +£0.2346 6.1939 +0.2207 6.2034 +0.2358
ranking loss | 0.1679 +0.0128 0.1674 +0.0123 0.1657 +£0.0123 0.1667 +0.0123
average precision T 0.7627 £0.0200 0.7646 £0.0166 0.7666 £0.0177 0.7656 £0.0177
hamming loss | 0.0523 +£0.0019 0.0523 +£0.0018 0.0521 +0.0019 0.0522 +0.0018
one-error | 0.3096 +0.0242 0.3278 +0.0329 0.3078 +0.0264 0.3237 +0.0288
Enron coverage | 13.2002 +1.059 13.1726 £1.0440 13.1574 +1.0455 13.1632 +1.0494

ranking loss |

average precision T

0.0938 £0.0095
0.6290 £0.0148

0.0929 £0.0095
0.6295 £0.0155

0.0928 £0.0095
0.6354 £0.0153

0.0929 £0.0095
0.6294 +0.0154
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AU A %35 %

PFriEds b, CML-KNN Bk i 1 BE 4 B 28 L T HoA B A b
Hk o ASZH MM AT, CML-KNN 5357 SRR 4 LAy 2%
BRI AL T AR o K

& 7T RN RASCE L R ML-KNN it )5 591X —
KEEEHIE Yeast LRSS R HE, L. GML-

®3 K=l HRHEZSTE « ERENEZHXBLERILER

KNNUPL BB TR+ i) ML-KNN 835k IMLLA R4 3545 18] i
HIHEIMA ML-KNN 8 i 5B am Bk, ME7 TF
i ,CML-KNN % : ) ¥ B2 0 B 4% T ML-KNN 8 3 5 GML-
KNN &5k, Hp2i6E 5 IMLLA BB, B34 %) IMLLA &
B SRE

‘ B CML-KNN
s i MI-KNN 4=0.75 a=0.8 4=0.9
hamming loss | 0.1918 +0.0280 0.1943 +0.0197 0.1884 +0.0198 0.1921 +0.0229
one-error | 0.2652 +0.0796 0.2650 +£0.0833 0.2583 +0.0976 0.2647 +0.0891
Emotions coverage | 1.7430 £0.1577 1.7157 £0.1314 1.7058 +£0.1892 1.7143 £0.1238
ranking loss | 0.1534 £0.0233 0.1518 £0.0318 0.1482 +0.0334 0.1509 +£0.0315
average precision T 0.8093 +0.0416 0.8066 +0.0413 0.8161 +0.0434 0.8103 +0.0418
hamming loss | 0.1921 +0.0121 0.1937 +0.0115 0.1908 +0.0104 0.1917 £0.0112
one-error | 0.2296 +£0.0285 0.2317 £0.0218 0.2267 +£0.0284 0.2300 +£0.0229
Yeast coverage | 6.1816 £0.2238  6.1969 £0.2250 L1668 £0.2226 6.1841 =0.2187
ranking loss | 0.1633 +0.0128 0.1672 +£0.0139 0.1643 £0.0137 0.1658 +0.0127
average precision T 0.7645 +0.0206 0.7654 £0.0202 7682 £0.0204 0.7679 +0.0205
hamming loss | 0.0525 +0.0019 0.0525 +£0.001 8 0.0520 £0.0025 0.0522 +0.0018
one-error | 0.3067 +0.0342 0.3226 +0.029! 0.3073 +£0.0282 0.3202 +0.0280
Enron coverage | 13.0814 £1.0030  13.0638 =0.983 13.0403 +0.9836 13.0479 £0.9799
ranking loss | 0.0931 +£0.0095 0.0924 £0.009 0.0920 +90.0093 0.0923 £0.0092
average precision T 0.6299 +0.0221 K . 6274 +0.0220 0_‘332 0.0199 0.6295 +0.0216
F4 HBEEE Lmovions HURE FRILIRER LR
TEM AR CML-KNN ML-KNM AdaboostMH RAKEL BPMLL
hamming loss | 0.1884 +0.019% 0.1918+0.0280° 0.304120.0018  0.2181=0.0252  0.1982 +0.0313
one-error | 0.2583 +0.097 052 £0.0796 0.5549£0.0416  0.3137 +£0.0736  0.2985 +£0.0673
coverage | 1.7058 £0.1892 1.7430£0.1577  3.2554£0.2609  1.9414 £0.1698 1.7237 £0.2125
ranking loss | 0.1482 0.0334  0.1534 £0.0233 0.4234£0.0392  0.1893+0.0357  0.1562 £0.2125
average precision T 8161 50.0434  0.8093+0.0416  0.5679+0.0296  0.7755+0.0407  0.8022+0.0433
R5 BEFLE Yeast HIBE FHTRERLE
TEM AR CML-KNN ML-KNN AdaboostMH RAKEL BPMLL
hamming loss | 0.1908 £0.0164  0.1921+0.0121  0.2318 +0.0088  0.2258 +0.0104  0.2230 +0.0115
one-error | 0.2267 +0.0284  0.2296 +0.0285  0.2487 £0.0336  0.2925+0.0330  0.2400 +£0.0290
coverage | 6.1688 £0.2226  6.1816 +0.2238  9.0976 +0.2211  7.4884 +0.1876  6.5328 +0.2212
ranking loss | 0.1643 £0.0137  0.1633 +0.0128  0.3712 £0.0242  0.2136 £0.0110  0.1812+0.0141
average precision T 0.7682 £0.0204  0.7645 +0.0206 0.598 +0.0209 0.7155 £0.0195  0.7518 £0.0195

#®6 HBEEL Enron #iEE FHKWHERILE
TR R CML-KNN ML-KNN AdaboostMH RAKEL BPMLL
hamming loss | 0.0520 £0.0025  0.0525+0.0019  0.0624 +0.0018  0.0485 £0.0023  0.2390 +0.0595
one-error | 0.3073 £0.0282  0.3067 +0.0342  0.4636 +0.0409  0.2815+0.0523  0.7438 +0.1207
coverage | 13.0403 £0.9836 13.0814 +1.0030 28.4936 +0.7001 25.0978 +1.3320 16.4572 +2.3207

ranking loss |

average precision T

0.0920 +£0.0093
0.6337 £0.0199

0.0931 +0.0095
0.6299 £0.0221

0.2396 £0.0120
0.4543 £0.0618

0.2005 +0.0280
0.6157 =£0.0280

0.1558 +0.0429
0.3682 £0.0911

&7 BF ML-KNN Bt i & AR Yeast MBEE LHMIBERILER

MR

CML-KNN

ML-KNN

GML-KNN

IMLLA

hamming loss |
one-error |
coverage |

ranking loss |

average precision |

0.1908 £0. 0104
0.2267 +0.0284
6.1688 +£0.2226
0.1643 +£0.0137
0.7682 +£0.0204

0.1921 £0.0121
0.2296 +0.0285
6.1816 £0.2238
0.1633 £0.0128
0.7645 £0.0206

0.1980 £0.0115
0.2280 +0.0235
6.3280 £0.2219
0.1680 £0.0131
0.7640 £0.0202

0.1910 £0.010
0.2270 +£0.038
6.1670 £0.232
0.1620 +0.014
0.7700 £0.021
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