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Abstract: Multi-label classification methods have been applied in many real-world fields, in which the labels may
have strong relevance and some of them even are incomplete or missing. However, existing multi-label classification
algorithms are unable to handle both issues simultaneously. A new probabilistic model that can automatically learn
and exploit multi-label relevance was proposed on label relevance and missing label classification simultaneously.
By integrating out the missing information, it also provides a disciplined approach to handle missing labels.
Experiments on a number of real world data sets with both complete and incomplete labels demonstrated that the
proposed method can achieve higher classification and prediction evaluation scores than the existing multi-label
classification algorithms.

Key words: incomplete label, label relevance, multi-label classification, probabilistic model

Y #5 B 8 .2016-05-04 ; & B H # . 2016-07-10

BEIEE KR, zIn_zcst@163.com

E&TIE WL 200 B R0 4 % T H (No.2016SCG188) ; #i V144 [ AR B2 k42 % By 10T H (No.LY14€03007)

Foundation Items: Education Science Department Foundation of Zhejiang Province(No.2016SCG188), The Natural Science Foundation of
Zhejiang Province of China (No.LY14C03007)

2016197-1



BERFE 2016 £ 8

1 3]

TEAG 52 (945 2 B0 23 26 o) B oy | — M 0 R T
— AR TR SER I R R R B 2 R 2 B
— N TS AR NSO G2 R R  DL
BRI 5 R 0 23 A6 | TE IR ph T 2 TR RO AN M o B 1 5 |
T ORI 157 T 2 05 2 o R IR B

ZUZFENRMERE, BRCHA T RENZHRE
TRTTE O 28  H Y B S R R TR R 4 2 O v
TSR Tk b, BOW M — B0 J7 ik /& Z{H 0 € (binary
relevance , BR )W 1 1% 7 v 8 37 7F bR 25 22 [8)AH B ST (B
B HERE b 2R B A7 7R AR K G R AR I 3% v I ROR
AHE, BEXF BR J7 i i BRAE | — i ey 2R BT bR
(9SG IR P R — b e 6 5 L BUIRAS 5 Al 7, W0 Read 55 AP
BT — a2 4 (classifier chain, CC) R % b ik
VL—JE W07 F — & 51 BR 73 26 8% R IR, 5 — 4> 26
I 5 R B T — R X IR T R A Y
KR, SRTT, MR i 22 R B — S AR AR R TR 22 X A
KR 2R 2T BT R L INE S AN —Fh T
Haddoop HE 42 i & § 591k | 1277 ¥ BB i 1 K MURELR | (H 3%
Z R A UR L A% 4% . 15 Hariharan 5¢ P4 H ) R
WA 285 % 51 25 4% (max-margin multi-label classifier, M3L)
MR R OG5 B DA I 4 v SR L A O A 4 G
AR UG TN ROR B R A AR R D
f 25 00— e 2% 0 oAb, — 2 Ty o o b 2 4 A
F A 25 UK, BIXF 250G HE 1Y b 8 AT 20 B 2 ), B Hsu 55
NI S 1) P LR 0 A B e e A R R
FH 7 5 H 70 % 1 1 E 45 % 25 [0 % 4 (principal label space
transformation, PLST)1 | /¢ b7 25 J 4 Al 4y A RF AS 48 F v 34
K HAF 5 20 i 1 09 2% 1F 3 45 4 45 8] 5% 4t (conditional
principal label space transformation , CPLST)"LL & 7F 5 /N —
T [l 5 Bl A SVD HoR (9 2 b5 % K 25 X
ey B A IR PR AT LB AT R B A 2
HETT VWK B S5 7 AR T — e BT, I m A S A
VP36 55 N 1 3 32 2T 0 5 R 4R R 4 25 4 RS A
RO AR I P 55 NI 3o e 308 0 4 AR TR 4 v 7 R A
IR

LR KR, 55— BB ) 2 A5 %5 5
R o B XTI i R — e A AR A TR R O 5 o
— MR TR R AR A RS NREAR HaR kK&

il

FbR SRR . 7 — Mok R RS R AR % L H 2 EfR
%, WREED 2% T (multi-label ranking with group
lasso, MLRGL)!"™/55 3 | 7 5 [0 18 % 4 4y U HE e 7]
AT A P 5 bl P4 A 92 1 (fast image tagging, FastTag)
B B BR 2 — BUME BN 207 Wk B T R 3 2K /Y IE
PR MEATIR B BN RE A A5 Hb Ak 38 b 45 DG I 1 1), B K
RENT IEAR B HEATIRA . Yu 55 AR 4 28 0 1R 22 e/ Mk, 42
T — 0 2 B 2 ) 0 BT O T R A R I
PRSI OCIRE BRI T B AR

X B R HR 43 7 4 0 A Ab B b 4 O T N b 2 33t
5% i) AL e A 1 8 B A B M LG 36 19 A 1) 2 [ 3 77 b
FRAA N B0, Bt — N5 0 M AR AL 32 A B B[] I 4 B A
BRI RIAR 2538 K Im) B, BN 5G MEB 4k AR A e i,
i 9 BT 3 2 TR R A R R AR B S T 1R R A AR 4 A
(] P 3 R AR A A B DGR A st R Y
PRA TR R AT RS LABR Ak —Fb 1 38 107 0 7 2 o A B 352 2K
PR a7 R 5 A bR 8 s R AR S AU b AT I
EERFRM 207 8 PR AR R RCRIE T A 2 0007 3%

2 RHBTIE

52 1B A T A B 5 A bR A Bl AR 4
BEMERE N R, BRETRERNDER, iR%
et FE BB b B — B A SRR X AR 4 G IR AN
10t 2K br 2 [ B kAT A B I AR A IR A 4 S AR
21 REHK

FEZ % 2 X T —A 28 MR {(v,y))
Hrp veROZEWA ye {01y EX R Eh, Hrh om 2
BERB, d MRS SRR, BRAS BRI B — A y He i
Wy =Py, b, pe RG22 B M2 G W AR 4
{51 RAM et BOFT LR B e R — A et
BERLAE W0 IR S O kw22 B) , B9 M2

3, | x,9,,b,,6, ~ N, x +b,67) (1)

Hori=1,,m, 6HREGEH % R A ThRss it
{1 o T e — MR S R TR R 2 ) . R () Tk
HRTEA,

VI x,W,b,Q2~NW x+b, ) (2)

Jott W = [0,--9,1,6 = [B,-+-,b, ' 2 = diag(67 -, 6.
WA —A R s (5 B B 4 1 0 B

W, |2, ~ N(0,Z,) (3)

2016197-2



m AREFE

.84 .
<« _ .1 1 e veeW ") =W, ., ]
/\EP,E,.—dlag » LR} » ﬁh?lﬂimﬁ‘%%%ﬂ )2 27
i il id _ |:VI~/(1’:)PTT - -,Vf/(d’:)PTT :IT
SEH R (@ ORI, R (AT B 4 R ) o
s, 3, =0 e )
z=P'p (4) Pt 0
Hoofr, pU R I PR L R B R K@= o FUHS(3), WTLARE A
Y TR KB TR BB I P AT KA . B0, 4E CPLST o F
i AR PR EASAY 5 i RO R/ A diag(ey) 0
25 o 0 4 22 | PY X o o 5 O vee(W)~ ¥\ 0.0 , A ICH
0 diag(er,)

iy - PPY| e o |
22 WREXEE

B2 W EENA T IR EA T T R
FENT — AR R X b 4 e R AT AR B
221 HAEE IR SH

B, AR (2) FI K (4)
PLEW =WP" b=PbMQ=P QP" W LLHE X
K (4) 7 BT B 20010 £ b 2 100 T 51 IE 3
LA

| x,W,b, 2~ NW x+b,0) (5)

b Qo m AR ) 2 06710 RE 15 41 R Y X A
VEQS SR PR WAEREE I OE R, BRI
R Ry 2 5l T (4) h eI 5 B pt
BE 200 B ORI, H AN X B BEAh , T QX
PR E R T RS, L RAES RS ERE R,
AR

fIF F AL

1 1
(2) ——|£2 2
» exp{ ! H

Hell e

Hob A0 P A S8, HOREE Q™ 1% b
FE R A, 0 IR R M, Q'R bR i IR 2
(00 SO ) | Fo RO R =0 N R P
KRR, X B p(eERfio! #k, A2, N
TR 2 BB y R0 2 g T IES
(ESHPE

1
~NSz,—1 7
ylz {z ) } (7)
Hrp A0,

SN @R R TRIIPY NG 3 I S B
W R

2016197-3

K ,a, :[al,j""’“m,jT; Wi MBS A
W57 H
Wiy|Z, ~NO.2). j=12,.d (10)
Ho | Pldiag(a,) P! X A 45 AR 04 %
KB, 5 (6) KM M A KRBT,

-l o
Hop BiB>0, Bl 1R ACRBEABAL Y — AR
AEREE AR, Bk, EEd 8 mS8 A,
Ay 36K (6) K AKAT QA (5 8 I 3l 2 8B, By 1R
Bt (1) A B0 £ 8, T 0 7, 0 5 A0
A (5), B TN AE « W2 b LR EI W Mk
T3] 2, AR R (7) 38 3 2578 BB RARTS . HEH
BB A A G2 O TR R R (L ST T LA R 2y T i R
% JEAR A B Y G HRAE BB O 1A G E T R R 2
ARAFTE R 22 BURE AR B0 A7 I HOOG TR 20 i 1 22 £ 1
RR TR BCE Z MR 2, T AR R 5 23 1) 3t
o bR e, FUTG o O R R BT 5 BB R Y A 2
(6], 5 B b 255 [ v B 3l 8 R 2 4 2 A G TR 1, H
B 2 AR A RE 05 52 B[] i X EL A 2 O TR A A 35k G A 28 1
BT AR % R (R MOR A B SR 222
IS 2.345),
P TR IZ A AT — e By, WRE, =X, =
=X, =X W (8) M HEE M.
wiz~@,,0.19%) (12)
Kb @2 WS B, Q@ () dxm i B2 & 1Y
A, AT LU B8 i B AR (7) P RO
R TR Al 3 B i R 55 4 A 2 ]

1L
P(X;)cexpy——iIX ;2
J { ﬂ] J




BERFE 2016 £ 8

B R R — A R i R R

A (multi-output regression task structure , MROTS )1 Xf
A (7) R R R AT R A R R R
ik, e R n k- P A
B 45 A 2 5 () ) ) R 22 T DL — R ) T AR R S
— U B &, IE 0 Rai FANPITRHEH XN F L
fn i 1A MROTS AT LA & Bl 1R 2 05 o i T Oy
At Z It H  (multivariate regression with covariance
estimation, MRCE PR 21T 45 Je 1“% 2] (multi-task relationship
learning, MTRL)™!,
222 BRAERFRHE

o ST RN SR oK A o X T4 I N SRR A
X =[x AR, Y =W, MR R R
PREFEWE, Hob ) ERRORRE i MR, HZ =z, ,2,]
i UZ, W, 2,02 3 5 e A A T L5 R
pZW, Q42 )| X.Y,b)
« p(Y | Z)p(Z W, 2,2}, | X.b)
=p(Y | 2)p(Z|W, X, 2,b)pW [{Z}.)- p(2)p({Z };.)

d N
=T p(7,,, 1Z)pE) T p(" | 27)p(" |27 W, 2,b)

(13)

T A R A i I S (1) #EAT SR AR A

B At 5 B fe B i KA, B 7E K (13) A R Bl oA AR

ok — A8 K (E X R — A F R R, B
oK BRI,

(1) [ HoAfl A oK g 2
AL T 1) R
min_ i/lo | z(')-y(" —+(Z(”—WTx(')—b)T-
Q' (" -wx" ~b) (14)

AR B 2B T UK i A 208 S HCh 0, 7]
DI,

2D =A I+ 2 QW X +b)+2,0")  (15)
(2) [ 78 HAAE 1 SR A% WA b
R AL 17 By
min,, , tr(Z-W'x-bl")" Q2"

d
Z-W'x=bI)+ 3 W, 2 W (16)
j=1

S WS B 0, AT AR — S E P A0 i

vec(W):[Q1 ®(XXT)+§:E;1 ®E_/j vec(C) (17)

Jj=1
Hh C=X(Z-b)" Q"' % T b, AHFH K 0,7
DYCEIP
1
b=—(Z-W'X
N( )} (18)

(3) & A 1, SR A

R (6 MR FEE, ST .

min_, tr(Z WX ~bI")' QN Z-W' X ~bl")-
NiglQ [+ @)+ 42| (19)

€ AT DL ok SR AR B F i B 7 25 A0 TR K

(4) [ s 1 SR e

FHRX (D) PRGN & —AZ T LG 3 i

6 1)
min_, W S -1g\z;'\+ﬂltr(z;‘)+/32uz;‘Hl (20)

DTG

RIRE, ;T L 5o 6 9 3 0y 2 8 8 v
23 BmARELE

SET B PRI R | X a5t 2K b 2 L AT Ab B AN A
YRE MR SA kil gk, i OB
AT BRI B wmm—1 A 38 5K BR A, ATHE OF0 2043 B3
HGL OGN TR GO, Hd, y e R,
v e R, [, X — il K LTS o

v,
C H
0

N — N s N Y Ui
T A5 28 HE AT %R, W Q! ﬂﬁ{w

U eR" Ve R"™,0 e R"™",

ANTR] T B Al 0 O A 2B A T 3, K L BT AR A 1Y
fi BEHOR BT WA RO TX(13), w L3,
P LA 3L X)L b) o p(9)

[1r7,, 1Z)pE ) TIp0" |20 |27, W,£,b)
P j=1
(21)

2016197-4



m AREFE

WAGTTESE,

. 86 -
. p0” 127) =100, PO | 27), Wt (" |2 mmz«ﬂ”rw '=b) O, - W], 5 —b,) -
BEM, =[x W, Q) LI T i

KRR I, 1, W0+ s+ 1]
p(z" | W.x",0Q,b) ‘ B (28)
= _‘.p([(zl(l))T’(Z,(/i))T ]T ‘ w,b, x(i),.Q)dZ,(,i) (22) ﬁﬂﬁlﬂﬁlﬂf_\:ﬁ%%mﬂ:ﬁ*%,%f‘@&ﬁ%@ﬂﬂ%%ﬁﬁ

FE@) =" =W/ x" =)'

. 0,04" - (T 5 =b,)=In[0 )+ 22 (29)

20\ WX, 2~ N, x" +b,,U) (23)

Kb U, =U,-V,0''V W, B W T, W k5]
SR L WIARSS TR A — Az e A % B P
FURMM, W, RS A KR A7 e A7 44
A UUR AR B S

s 2.2.2 WK, AT AR 38R SR A R R
sl QDRI E R BB K E . X T2 05K AT @
55 2 AR TR POt A I R

(D) Hof s sk gz )

T Ak F [ R

o+ e-n

0
. (, _
min_, E "z,, y

U(i” Wix=b,) (24)
Az i FHON 0, 7T LU 5

(’) _VV(T x(’)+b Ul (1) (25)
(2) 17 Fofib 2g o, SR A W A0 b

AL T A .

min,, , Z(z(’) Wlx=b)" U,

" - xzn+2W WG, (26)

RHTA(16) 10 KA RS0
o B A G BT W A LRI, B b T A
£1171 2

b{za amj SE G E W) @)

J B HﬁﬁAeRMB%ﬁB ﬂ R
1.

(3) B SRk o

Wl Y

2016197-5

=%W?H (30)
Q%¥E%E’J T A2 B BT R BB — R ik
R, HEBE EUJFEEE’JI%’HZISL Lffri%;ﬁ@tt%’%
B, A AR R o % 7 AT AL OE  FE R
s
- B WA R CCT X AQITRET 6 —K
o B
- RIEBIE G MEFITREOQ,
o3 T B R AN R R AT W R AL
max(| (£27), | -7,0) - sign((£2™),) (31)
Horp r=Am, m SRR LRI AN

3 XBUREHH

155 3 4 % Guillaumin % AP 6 4 A B 5 45
HHBEE (F DFETRE, X —AREHER 1 0001
SIFT $F1E

®1 HiEs
FRER REAEC BANEELIOOR AR i

GRS

4 A BIERRSERUA RABREE U
MIRFLICKR 38 25000 4.7 17
CORELS5K 260 4999 34 5
ESPGAME 268 23641 4.7 15
IAPRTCLI2 291 19627 5.7 23

i 8 0 b B AR 52 25 K0 0B 45 O K B9 2 A 2% 2 26
Ji % (multi-label classification with incomplete labeled data
and label relevance, ILDLR)-5 T~ 51 2 #1753 617 % Hb 204

+ ZEMOE(BR) B,

o ZR MY 3 bR 2% 28 A e 4 (CPLST) 17

- RATERGIH Z 5528 H ¥ (MLRGL) 3

+ P E R AL (FastTag) ¥,

i T 7 CPLST J7 ¥k i (R e b 46 2 S brfi, IR0t ,

JHAS B AE Sy A SRR B A 7 1 B S B0 B e T —



. 87 -

BERFE 2016 £ 8

PMERIEMES, ZE G WX IR H R 25% 5K 1
T A SH)Z T 2585 K RCEH ™,
e 22500

macro_ Fl=—
mg

N
micro_FI:%Z = (33)

EI Y iyjo
=

j=1

Horp macro_F1 #1 micro_F1 {H#8 K, %R 8T
31 EREREHELNEIR

6 4 585 B 4 Lotk AT 908, O 5 S0 fb LR O ik s
FEXFIE, 3 F 10 4758 URAE 7 3, 3 80 k47 20 28 e
HIFM, G5 R0 2, Ko, “2” %R 10 WHRAE T8 1 FI
PEME I Sh R, 0T DL B, 76 78 A bR 2 I RS 00 T, 42 4
(f ILDLR J5 3 XT 7 A ) 450 43 A 35 280 S 45 10 LAt Ty 6 2
4 . X T MLRGL Ji %, f£ COREL5K ESPGAME A
TAPRTCLI12 3 A~ 4 £ b i Ak 3 AR 5 3t JL A i 19
HES LN
32 EIEEMEHELNIR

Bt DUN U s R bR . Z TR A m MR
KB — AN GRREAR BE  BEF L P i — R AR W, o
B R A . TR S B A b i E AR B
P 2 3 A7 BE AL 73 A PT AE T EOLOUU N B 5 bR 4, IR
Mg — A REE A k=1,2,3 W00 ] I bR (fn R —
MREARE IEARERD T kA B4 E BT A [ 1547 28 0k
¥k ), #% ILDLR MLRGL FastTag A1 BR 4 7 ¥ i 17
FCAR X 4 o A B A B 2R R 4

RIZHRMZE0MLEXEIEMER, TUEH,
ILDLR &0 R 241 T HoAb 75 ¥ (BR 7 76 MIRFLICKR %4
Fh Y E=20), YRERENHRRETKT FHEKE

BfRCRIFAR S HEE k8K AR 4, IF B Y k=1 8,58
i ILDLR 318 19 F1 5 % 2 i B A 58 & b5 2 B 35 154 1
AR 438 , % F 508 CORELSK , ILDLR 7£ #r %5 3% 2 f9
5 00 R AR S A SRR 0 F R T
) mxn WO bR S5 M R 7, T2 AR 4 O i, U A ST W
Wb 25 4 B Z X IO F 0 B L X R RV A (22) ik T
A p([E) S EDT WX, g R BT 4
SlE—2i 2 AT AhSHMAE, KL, S
(¥ ILDLR J ¥ 76 4 4 i 2% (0 65 00 b 2 15 B4R 47 9 &b
HAR,

4 BERIE

K ZIRAE AR T — M HERBEAL R JF 52 R 2 e 4
7R R K AR L7 i B 46 2 [ T S S A B e 46 5
() A7 38, 3T LA R I 3 b JRAR 46 R OC st 2 b 4 1
B0, JF ELAfE S i R B, AE 52 4 1 O A H AT AR 58 A 1Y
b 2 K L ST AR I, 4R T ikt B
W7 AR

SE Wk

[1] ZHANG M L, ZHOU Z H. A review on multi-label learning
algorithms [J]. IEEE Transactions on Knowledge and Data
Engineering, 2014, 26(8): 1819-1837.

[2] MADJAROV G, KOCEV D, GJORGJEVIKJ D, et al. An
extensive experimental comparison of methods for multi-label
learning[J]. Pattern Recognition, 2012, 45(9): 3084-3104.

[3] EF AR BRIk, 55— Fh R T 45 25 A0 G 19 2 45 % 43 26
BIE). VML RS, 2014, 31(9): 2609-2614.

WANG X, ZHOU L W, CHEN G, et al. Correlation label-based
multi-label classification algorithm.[J]. Application Research of
Computers, 2014, 31(9): 2609-2614.

[4] TSOUMAKAS G, KATAKIS I, VLAHAVAS L

multi-label data|[M]. New York: Springer, 2010: 667-685.

Mining

®2 EAREREHENER

BR

CPLST

MLRGL

FastTag

S8 Bl ILDLR
macro_F1 MIRFLICKR 0.499 6+0.005 1
CORELSK 0.208 1+0.056 3
ESPGAME 0.237 8+0.013 1
TAPRTCLI2 0.246 7+0.040 5
micro_F1 MIRFLICKR 0.467 1+0.003 4
CORELSK 0.208 3+0.055 5
ESPGAME 0.227 6+0.014 0
IAPRTCL12 0.240 8+0.045 1

0.494 1+0.004 2
0.201 0+0.046 6
0.231 4+0.016 2
0.235 9+0.042 2
0.461 1+0.005 5
0.196 7+0.048 1
0.221+0.017 3

0.231 5+0.043 1

0.493 2+0.004 2
0.200 4+0.049 3
0.232 7£0.016 7
0.237 5+0.042 4
0.461 1+0.004 7
0.198 2+0.048 1
0.221 7+0.018 0
0.231 0+0.042 7

0.495 6+0.007 3
0.131 5+0.044 4
0.125 1+0.007 2
0.126 7+0.041 1
0.466 1+0.009 2
0.130 5+0.043 6
0.118 9+0.001 0
0.123 9+0.041 2

0.467 9+0.005 3
0.203 6+0.038 0
0.228 4+0.013
0.228 5£0.041 1
0.436 2+0.006 1
0.202 2+0.036 2
0.218 9+0.017 4
0.221 1+£0.043 6

2016197-6



m AREFE

®3 10MZTXBIEER

MLRGL

FastTag

BR

24 FE/IE ILDLR
macro_F1(k=1) MIRFLICKR 0.467 5+0.001 4
CORELSK 0.240 7+0.054 1
ESPGAME 0.233 1+0.019 1
TAPRTCLI2 0.237 1+0.045 3
micro_F1(k=1) MIRFLICKR 0.467 8+0.002 1
CORELSK 0.240 0£0.053 9
ESPGAME 0.233 1+0.019 2
TAPRTCLI2 0.236 1+0.045 3
macro_F1(k=2) MIRFLICKR 0.453 2+0.006 5
CORELSK 0.240 5+0.050 9
ESPGAME 0.231 1£0.020 2
TAPRTCLI2 0.234 4+0.043 7
micro_F1(k=2) MIRFLICKR 0.435 4+0.005 6
CORELSK 0.239 7+0.053 5
ESPGAME 0.223 1+0.024 5
TAPRTCLI2 0.231 1+0.035 4
macro_F1(k=3) MIRFLICKR 0.460 1+0.002 3
CORELSK 0.235 6+0.053 1
ESPGAME 0.223 4+0.023 2
TAPRTCLI2 0.231 1+0.033 4
micro_F1(k=3) MIRFLICKR 0.444 420.003 1
CORELS5K 0.236 7+0.052 1
ESPGAME 0.212 3+0.025 5
TAPRTCLI2 0.224 5+0.037 8

0.458 1+0.008 9
0.110 8+0.015 1
0.147 1x0.011 1
0.058 9+0.038 9
0.457 8+0.006 7
0.111 1+0.013 4
0.144 8+0.010 1
0.056 7+0.040 1
0.456 7+0.007 8
0.110 5+0.015 1
0.145 5+0.011 4
0.058 8+0.038 7
0.439 8+0.006 5
0.111 1+0.014 3
0.144 5+0.012 1
0.058 7£0.037 7
0.456 7+0.008 7
0.112 1+0.014 3
0.145 7+0.011 1
0.058 8+0.037 8
0.435 6+0.004 3
0.107 6+0.015 4
0.142 1+0.011 2
0.056 7+0.038 1

0.461 1£0.010 2
0.199 7£0.010 1
0.179 1£0.007 8
0.192 4+0.004 9
0.462 3+0.010 3
0.198 7+0.011 1
0.187 9+0.007 8
0.193 1£0.004 2
0.434 4£0.051 0
0.181 2+0.011 9
0.221 6+0.004 9
0.181 1£0.006 5
0.415 4£0.044 5
0.181 1+0.005 7
0.216 7+0.008 9
0.185 7£0.008 4
0.454 3+0.017 8
0.180 1+0.004 5
0.214 5+0.006 7
0.183 2+0.004 3
0.415 1£0.016 1
0.173 2+0.005 6
0.203 4+0.005 6
0.174 5£0.004 8

0.455 6+0.002 1
0.142 2+0.027 9
0.193 9+0.014 1
0.209 6+0.033 4
0.453 4+0.001 1
0.141 9+0.027 8
0.193 2+0.014 3
0.209 6+0.034 4
0.443 4+0.002 6
0.016 7+0.011 1
0.183 4+0.012 6
0.197 1£0.033 1
0.422 1+0.004 6
0.015 6+0.009 1
0.174 4+0.013 9
0.193 1+0.032 1
0.412 1+0.001 1
0.025 6+0.015 4
0.160 1+0.010 1
0.164 5+0.023 4
0.386 7+0.002 4
0.024 5+0.016 1
0.156 7£0.012 3
0.164 3+0.022 1

(5]

[6]

(7]

(8]

(9]

READ J, PFAHRINGER B, HOLMES G, et al. Classifier chains
for multi-label ~classification [C}/European Conference on
Machine Learning, June 14-18, 2009, Montreal, Canada. New
Jersey: IEEE Press, 2009: 254-269.

INE SRR 5 %, 45, Hadoop HEZR T 1) £ br & 44 456 51 15 1],
P22 4 K224, 2015, 49(5): 134-139.

SUN X, ZHANG M C, FENG J, et al. A label propagation
algorithm for multi-label classification [J]. Journal of Xi’an
Jiaotong University, 2015, 49(5): 134-139.

HARIHARAN B, ZELNIK M L, VISHWANATHAN S, et al.
Large scale max-margin multi-label classification with priors[C]//
27th International Conference on Machine Learning, June 21-24,
2010, Haifa, Isreal. New Jersey: IEEE Press, 2010 423-430.
HSU D, KAKADE S, LANGFORD J, et al. Multi-label prediction
via compressed sensing[J]. Computer Science, 2009: 772-780.
TAI F, LIN H. Multi-label classification with principal label
space transformation [J]. Neural Computation, 2012, 24 (9):
2508-2542.

[10] CHEN Y N, LIN H T. Feature-aware label space dimension

reduction for multi-label classification [J]. Advances in Neural

2016197-7

[11]

[12]

[13]

[14]

Information Processing Systems , 2012(2): 1538-1546.

TR, XA ST, BT 45 SO0 8 — i e/ 3 1 () 22 g 4
Oy BTN, HELHLEL L 2014, 34(7): 2058-2061.

MA Z J, LIU H W. Multi-label classification based on singular
value decomposition-partial least squares regression[J]. Journal of
Computer Applications, 2014, 34(7): 2058-2061.

A, XU, REGR. T 2 bR 4 B 19 S 2 (D). THSE AL
B2, 2014, 41(11): 260-264.

LIY H, LIU B, TANG Q. Active learning for multi-label classification
on graphs[J]. Computer Science, 2014, 41(11): 260-264.

VPSET, MBI, ZR5E. F 84 T M AR R 5 I e Lk 4y
5[] b R EE 2 41, 2015, 20(2): 237-244.

XU M X, SUN F M, LI H J. Online multi-label image
classification with active learning [J]. Journal of Image and
Graphics, 2015, 20(2): 237-244.

Rert, Whw, N SC, FL LT ENN 1Y 2 45 25 43 25 T 4k 3
J5 (0], HE MR, 2015, 42(5): 106-108.

XU X D, YAO M H, LIU H W, et al. Pre-processing
method of multi-label classification based on £NN[J]. Computer
Science, 2015, 42(5): 106-108.



.89 .

BERZ 2016 £5% 8 8

[15] BUCK S, JIN R, JAIN A. Multi-label learning with incomplete
class assignments [C])//IEEE Conference on Computer Vision and
Pattern Recognition, June 20-25,2011, Providence, RI, USA. New
Jersey: IEEE Press, 2012: 2801-2808.

[16] CHEN M, ZHENG A, WEINBERGER K Q. Fast image tagging[C]//
30th International Conference on Machine Learning, June 16-21,
2013, Atlanta, GA, USA. New Jersey: IEEE Press, 2013:
1274-1282.

[17] YU H F, JAIN P, DHILLON I S. Large-scale multi-label learning

—

with missing labels[C]//31st International Conference on Machine
Learning, June 21-26, 2014, Beijing, China. New Jersey: IEEE
Press, 2014: 593-601.

[18] PETTERSON J, CAETANO T. Submodular multi-label learning[J].

Advances in Neural Information Processing Systems, 2011:
1512-1520.

[19] GUPTA A, NAGAR D. Matrix variate distributions [M]. Boca
Raton: Chapman & Hall/CRC Press, 2000.

[20] RAI P, KUMAR A, IIl H D. Simultaneously leveraging output
and task structures for multiple-output regression[C]//Advances in
Neural Information Processing Systems, December 3-8, 2012, South
Lake Tahoe, USA. New Jersey: IEEE Press, 2012: 3194-3202.

[21] ROTHMAN A J, LEVINA E, ZHU J. Sparse multivariate
regression with covariance estimation[J]. Journal of Computational
and Graphical Statistics, 2010, 19(4): 947-962.

[22] ZHANG Y, YEUNG D Y. A convex formulation for learning task
relationships in multi-task learning [C]//26th Conference on
Uncertainty in Artificial Intelligence, July 8-11, 2010, Los
Angeles, USA. New Jersey: IEEE Press, 2010: 733-742.

[23] BERTSEKAS D P. Nonlinear programming [M]. Nashua: Athena
Scientific, 1999.

[24] BISHOP C M. Pattern recognition and machine learning{M]. New
York: Springer-Verlag, 2006: 125-153.

[25] BECK A, TEBOULLE M. A fast iterative shrinkage-thresholding
algorithm for linear inverse problem[J]. SIAM Journal on Imaging
Sciences, 2009, 2(1): 183-202.

[26] GUILLAUMIN M, MENSINK T, VERBEEK J, et al. Tagprop:
discriminative metric learning in nearest neighbor models for
image auto-annotation [C]//International Conference on Computer
Vision, September 29-October 2, 2009, Kyoto, Japan. New Jersey:
IEEE Press, 2009: 309-316.

[ME&E ]

50 88 (1980-) , Zx, Wi 11 % By Wl £ AR =
B {5 B LR R YR, WS 5 1 S B
24 AR A B RS

BOR W (1975-), 55, Wk R MR 2 A Ay
5T RL A 2 B W o7, B E T |
R

E 2 (1964-), 95, Wi L2 B WOl £ A 2 B
R R LR ZIR, TET 5 n o KR
P NTHEE,

2016197-8



