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Abstract

In multi-view multi-label learning, an instance can be represented by multiple data views, and as-
sociated with multiple class labels. The existing multi-view multi-label learning works explore the
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relationship between the variables and the class labels. In this paper, we present an instance-based
multi-view multi-label learning algorithm. Different from the existing multi-view multi-label algo-
rithms, we model the correlations of training instances and testing instances. In multi-view mul-
ti-label learning, the data is from multiple views. In each view, we build a partial least square re-
gression model to explore the correlation between the training instances and the test instances,
rather than the mapping function between the variables and the class labels. As a result, we can
learn multiple partial least square regression models from multi-view data. Moreover, in order to
ensure the mutual agreement on distinct views, a view consensus constraint is proposed based on
the multiple regression models. The comparison experiments show that our algorithm obtains
better classification results in comparing with the state-of-the-art multi-view multi-label algo-
rithms.
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1. 518

TEZFREES T, A RE S 2 A FRRBEM . IR B RARE AN, BN IR0 5 HAh
AR HARA . 2 bR 5 S I H AR R 58 T AR A G R 8 — Aoy B [1] . IR JLAE, ZARaEsc]
AR L 5 rp BRI T T2 N, a0 EHG 5r2[2], SCASIR R3], 1545 45 5[4 A 2SN 48 32 38 [5] - SR 1T
TEZARAE 5 ST P SMAFLE A ORI PR AR : 1) anfar R R AR OGRS Rt SRS s 2) i[5 R b 38 2
WEHAR SR AE . AT, C&H V2 EEHR RIS — A PR[6] [7] [8] [9] [10], AR LL5
R E A AR S [11] o XT3 AR, AWARIT S RHEEREA P4 . (HRRHEE 20 T 4R
2 WA, ARG IR LE I 45 AT iR ME B AR 22 . A 7 X S ) B, Liu 25 A2 T —Fh3E 52 1
PRI AT INA 22 A5 25 2 31 5035 SWIM [12]. SWIM SR F i /N — 36 (PLS) [ VA SR AF 7 11| 25 8 S 451 A X 4R 5
BRI DG . SWIM K ST b B —/METE A, AT DUSEAG R R4, T A e e 4 [ R [13] . S0 45
FOLAEY] SWIM 43 28285 5 W 2 v T 50 be i) ot 22 bR 28 2 ) Bk

JE SWIM AU TERE, HRE R T MR Zh55 5 T 8], Ait EHEMAEZ MM Zhr
ZrtE S s B AEILSEH, AT L Z AR T R IR — /N . B, 78 web B R F, —A
SEAGI AT DA AN RRAE SR A IR R AL SR DL S TR B SO . 54k, TEEMG r2K,
BATAT LU Z A R RHEE G R IR — IR S, 611 RGB, SIFT Al GIST [14]. fEXUERNHH, —4
X REZARHESE G (R 2 MM, I BEMMARR T R—XRAFE . Fitk, — AT
REAL A T HAh R AR VA 1 — BS54 B [15] [16]. 3X s, AR T 2680 I 43 Sl I 25 B oph )
GrIRAE, FIHAS [FEALA I — B A B AN G R AR A S A S A 1 RE[17] [18]. SWIM FEREE 4
PR B ST LI 2 AR RS A e AE, B L R BEH TR U L A 245285 2 o BN RERI AN R A ) —
FEAN EAME BRI = 7 R AR PR RE .

i LRTIA, AR T —MAE T 2 A0A SRR EAME BRI, B ORIE S 2 AR R AR T
PERE. BAATS, HREG NN ZMHZMMARIR, AR PLS [BIAH G 20 A S5 B 2 24
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IR 2

TELEZS (B, AT AT DLLE BRI (R A 8 2 bR 25 40 9838, AT SR f bt vl i 4 el il tb4h, R 7 ARUEAS
[FIRL A — 8ok, FET PLS IR T RA — B 200R, $2m T a0 J88e iRt AT TAEM 20t
BRI -

1) BATE XK T — M B L, TSl 2 M 2R8I, S EERE G Z A —
BRI EAMES BB G B ZHR% 0 KA T, DR 2R I 1 KERe .

2) KAl EEAr ) LASSO (Least absolute shrinkage and selection operator) i) &, JF%F] NIPALS
(Non-linear iterative Partial Least Squares)>R i kH N (1K) 404k i)

3) WA 1) Z AN 2 hn B A BRI Fi AR B AR A8 IR AH DI, 17 AT ) B3 4 2 o I R ST i
B IAR S AT B AU . KM SRi0 R B, SR M EE AR T IUA S0 B S 4 MR .

2. BTN MASHEFIEE
21 HHIESR

B AR 2 UL 2 R IR (XA P ) = ()] o e
x* e R% Al x® e R% Z) B KA A FIRLA B FOASGEII . x (9 EFR A R B RIS | ASEpil(1<i<n)id
BIANULA o AR A ST, —ANREAS X A B R, BT Y, = (Yoo Yo Vig ) 360y, € {0,1)
NREA X (0938 ) MR esb, XA = (] R XE = () PR nxdy Al nxd, OAERE. Y = {y )7 R
A g HIAERE, 3Eedvy RPEA x 929hR%E. DA = {(XAY,)[1<i<n} AD® ={(X?,Y,)|1<i<n} 252
W 2 ARESORAE MO A A RIWLF B $UdR4E. ik D = DAUDAMID® =D UDP, HAh#iRsE D 9 Fhz s
Tl t 43 BIFF I GREEATI R A

B THR RTS8 2 WP 2 b3 ST SRR I ) 1 o s SUUIZRAR Dy DXV AR SR Ay
DA%, H DM NDMN® =@ o HEIKIZ LA £ bR 31 7 MR AR BRI bRAE 2 1A B $k R A [15]
[16] [17] [18] [19]. EZHLf L IREHARMES, IR DV AR DB MR /16 AR, X &k
%, MR LIRSS DV AR ISR 2 I BN 5 2R (I 110 £, 80 ), T2 st o 8 £, A0 £,
W L2 4 B BN F 7E KA 4 DA R DP BL. 45 BRI, W fLp A XS AY, 2 1A A 56 B K (P
Yo= s (XY®)) FATHATDURI AT ERAE] X2 MBI, BDY, = £, (X2®) .

/Training data D,;‘
e o
(22 }2{ %] |
”BA 84 Model H;
i f;‘ A
ESaid
_ Testdata D& ’
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Figure 1. General diagram of algorithm
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5 ERI SV SRS, RATFHRIEEER T TR R Wy R s A o2 I 4or )
X8 AR X V8 2 MR R Gy o FEEE 0, FHIE B 1 0 g, 1 Qg )o AW IV
TR SEER R A X M RIRERAE A Y & ARG ZE R A, AR A R 5%
PR, BRI A s BT LU R ZE A ks ) X Ve B, AT LLRE SRR Y b 22 ERTA,
BRG] X AR X V° 2 5 TR G T (ED X7 = 0, (XV®)), WU B8 L1 T DL
FIFEY, AIY, by B: Y, = Qs (V) o B, FRATAFIFIF g, B g, JoBe 42 DA DE 750 F A

2.2. {EER

BeXATRIXET SR XA X B ks EARRE, YT Y (0 BN BhAh, B XA XA 483 n, xd, A
N, > oy AR FEE 3 n, T n, 4 502 DI ZRAE RN R R 9 A 1T o, R RLA A BRI RS 2100,
X2 X 4351 0 xd, A0, x d, (F94EFE, Horh d, A0 B EURGIKI4EA, BY, A1V, 43 0 xq Al n xq
BN, Horh g AR A (R4

X M8 X M AR BB A A, BT LA ZE— N SE R I8 2E R S 28 ), I AR LA A
PR, FRATTRIF PLS SRR M M2, Fhrp— B K B F XA R X2 15— sk T X2 Al
X8. H XA, XA, XEAXE W LFRNNFER:

XA =T,P] +E, 1)
X2 =T,PJ +E, @)
X2 =T,Ql +E, ©)
X2 =T,Qf +E ()

Hrb T, e RY™ FI T, e R2™ 43 il A XA A X2 S&HUAH my AT m, (R 2 W) & . INESE FE P, e R™™ FI
Py € R™™ 7350 g XA A X TR AE 0] B R0 B AR 8. IR R Q, e R™*™ AT Qg e R™™™ | 73l gy X 2 1
XEHBAEMER R E . E,, Eg, E MEgMIEMNLIRZE. T, MT, il LR NEM L HIE A,
WK PR
TA = XtATWA (5)
T, = X2'W, (6)
Hrw, e R™W™ FIW, e R™™ R EERE . IXFK7R XM H X E AT LGl R AE T, A Ty o my A m, AMflS7
77 A A R R . — BARBIT, M T,, JATEERT UR F f /s — 3 [m] 5 7 VAR 4 & (1) ~(6) R 1H 5 Qi 1
Qs
Qf =(TiT,) TIx 7)
Q =(TiT.) T xe’ 6)
XA FY AR [ B ) A 2 I AN SR bR 2 2= a), BT LA A AR R S M o FRATTRF PLS 515 H7
KIRTHEAE R Ty » BEBTAR R 23 [] X &8 (4550 LU S AR FE 2 AR 22 /N o X LA A PLS /228 T8 X M8
FassirE X 28 1 Egmidfs e, B
AT BT
Q:%)B(COV(TA' X, )+cov(TB, X, ) )
st. T\ T, =1,T T, =1

Hrbcov(,.) RITTZEREL T A& HBALFERE
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SRR %

B FATT B R AR AR AL I RE(Q), TS0 2o M 2B . KA PLS SIS AM T IO A1 [11], T 40
WL R T, P T, 2R 1, JE ELIL (0 — A7 T Bty (B T, TR HR S X8 RO IITIIT 2,
BRI, AT LAV A B — [ € SR DURARIRAL I R(9) . B F A RE)RIE), Ft, = X2 w,
Rty = X8 wy o 7EFIRE(Q) 7SS % HE b I7 25 4, T LI A

T T T T
max wy X XA XAXA w, +wy XEXE XEXE wy
wa. o (10)

st WIXAXA W, = 1L wIXEXE w, =1
FATELAE A F(L0) 1S B AS B H 36 1R 15 2 w, Al wy » 285 7] DL SR BT AR o t, At o DR
H b B BT ASSUS A
AT T
da.98. 4,42 Xs _tAqA +‘
st tit, =Ltit, =1

ookt q, i1 ap 50 BURFEBIERE Q, F1Qq HUSIFIRL, 4 1 2, AL SHSHL.
TEBLSE WG A WA R A IBE, DRI 25 ST AR BRI SRTTT, AASR(LL) Ity A1 Qg
S A YRS, AR R TR A2 . N T R, RATIAE g BN L AU
LIS WA Uy R TEEI), BONAERE Qg AL T ARTRAEFEI 0 R . FIRS, TRAIZE b B e
AT R LIHI ¥, W,af -, W aF | AR AR IR — S YT wah BT wga 2 B YT HLA A
ML B OB, A, 2 5R()T LS .
AardB A1 22 Qa0 A 22 ‘ XSt

i}
st tit, =1tit; =1
NTRAR, ATk =[t,,0]. t,=[0t]. Ei=[L0], E;=[01], q'=[ai.qf ]F
YEDﬁwrwwq,A¢0ﬁlmnﬂmm£,ﬁﬁﬁm%¢mE%ﬁ%%Eoﬁl Hitk, 243(12)
AT LA

2
+ 2 |da]+ 4, |0

max XsBT —t508

(11)

min min

SR NP N R VAR A |

(12)

qrquz XA ;\qﬂ ‘ SB équ +21|E ql|+ﬂg|E qr| ||Y qu" (13)

sttt =1tt, =1

5 f (0, A, 4, ) NA(A3) LA R L
(0 A dg)=ming., , X2 —tig™[ + X" -t B+ aEa T e

I 5 (14)E~/\1§éﬁaﬁ LASSO i #[20], J T FRARBAY ) 52 it , AV K B 1 E K151 q
HIRE. Ik, XaxX(14)kqT WS, W1E:

6f

6qu

Hrpsgn(a) 2 a RTS8 %, Wka>0Msgn(a )?jl- % sgn(a) -1, Bax(1A5) M0, WA:

q'T:;(X:t;\+Xft,’3) {Ason(Exa™) + L son(EqaT)|

2+Y'TY’

=4q" -2X 2"t —2X 2ty + A sgn (Epq’T ) + 4,500 (Eqq T )+ 2Y TY g7 (15)

4+42Y 'TY
o
4+2Y'TY!

S S
4420y

1 ’ ’ ! ’
=S(W(Xs’*tA+XftB), ﬂlEA+ﬂzEB)J (16)

1 ’ ’
:s(m(x:tA+xftB),

%EH%EE;)]
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ook s (u,v) SEARRIEIE SEAE, B HE R

u-v, u>v
S(uv)=sgn(u)(|u]-v), =40,  |u|<v (17)
u+v, u<-v
CHSRAR QT AR LAEE] gL A of . AT BLAEE] QI AN QY. I XA X HIE TR
X2 = XMW,Qf +E, (18)
X8 = XB'W,Q! +E, (19)
AR A(18) (19), A A FIRLAA B X BL K AR FIAE 40 T «
RN (20)
Y2 =YW,Ql 2
TR A e 2% B FIUAE A <
YT = sgn(%(YtTWAQZ YW,QT )j (22)

UM YT SRR, (B SV 2 bR R b WIS R B BB, JRATI31 N sqn () Bl
PO — b AR AT 0, MUK BB 1o 0, S B 0.

RIS WA bR S BRI, AR T A S AT, L B S TR
e 1 i, BRI R 4 O (nks, ) » 1T n = max(n, +n,,d, +d,) . Fe, m, Fim, £RA A A
WA B BRI, £ RERSH.

Table 1. Algorithm implementation steps
1 BEIUPSE

WIN: ZOAZIEINGESE(XS, X2, Y, WRRESIE(XS, X2),
ZH( A Ay M, My, &)
il XARXEERBEEY,

1: ¥gEfk: Q,=Q, =T, W, =W, =@, k=m =m,;
2: for i=1--k:

3: g,=0¢y=1, s,=0;

4: fE¥h:

5: s, =5 +1;

6: Ouyo)=0Unr gy =Us s

7: u,=Xg,, u;=X8'q,;

8: w,=X"u,, w, =X,

9: it =X W, ty =X w, ;s

10: tfMARAELL: t, =t [ttt =ty /tit, s
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Continued

11: % p: P, = X!AIA » P = X‘BIB ;
12: ARAEAKXA6)TH qT, FEMN T EE a; Flag

13: ELFHE( <& )i A3

qA_qA(0)|Sg & qB_qB(O)

14: FHQr, Qp, W, HIW,:
Qi=[Qhar] Q=[Qa]>
W, =[W,,w,]» W, =[W,,W,]s

15: 8 X, FIY, RS .
XA=XA-t,pr, XP=X%-t,p; .
XI=X =t X7 =X —ty05 s

16: 453 for #53F

n:ﬁﬁ%ﬁ%ﬁ%%ﬁ%:ﬁ:w{aWWQbmW&D}

3. L5
3.1. SCIEHUE

N T BAEBIR A R E G, AT 2 A A AR EAR R IEAT T HESEL, X e
& mirickr, pascal07, corel5k, espgame, iapartl2 [21], Health 1 Social [22]. 7£ mirickr, pascal07, corel5k,
espgame 1 iapart12 % 4 5L, AV H] HSV 1505 A WL FRFIE, 6] RGB 1E 9L B II4FAE . /£ Health
A1 Social FdE ., FATRRHE S NI AAHEEIIIR 2>, 20 TR A A FILA B BUAFIE. Hdnde
IR A L2 2.

Table 2. Experimental data combination
2. TWBIBASE

WA mirickr pascal07 corel5k espgame iapart12 Health Social
1 HSV (4096)  HSV (4096) HSV (4096) HSV (4096) HSV (4096) Hea. Var. (306) Soc. Var. (523)
2 RGB (4096) RGB (4096) RGB (4096) RGB (4096) RGB (4096) Hea. Var. (306) Soc. Var. (523)
q 457 20 260 268 291 32 39
n 25000 9963 4999 20770 19627 5000 5000

32 XEWiRE

N TR R YRR, BATERE T YA TEMAER, 42 Hamming loss. Ranking loss. One error #1
Average precision. £ Hamming loss. Ranking loss 1 One error [FERAE, R RFIERIMEREBLF; T
Average precision [{J{E#k S, ISR ITEREEREF . v TIEMI SR A R, FRATIEE T YR EIEAEXT L,
Wrr fros:

* SWIM [12]: %752 — Tl 2 hr25 2k 2 500, BRI PLS SRHIFFE 7 M1l () AR OC 2R
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o IrMMC [19]: %L R — R 2 AN A 2 R85 S 50k, B Jere B B o0 A p 2 R B — MR A
SERIRRFAE, SR 5 IX SRR 1 2 FE 3 ARARRAE 0N B35 T B 4 1 MR 23 i v SR 99000 A 56 7 )
P2

* SSDR-MML [23]: 7 VE R —F Z WM 2 hR% 5 I 5%, BRI 7 5T B IR ZE MHER LM g o K38

* GLMVML [24]: ZiER—MEMMEIRF 15, CMNREM AP EEE T 4 Rbs S =
IARBEAR G, ARG FR T — R IR 2R R T R T A 1 AR 2%

HT SWIM J&—F il f Z AR5 ) HIE, BRI Z WA 2 bR 8n . Bk, A1 56 H
SWIM 5L RN A A AL 2 BN AR 2 W5 252 1 73 AR (SWIM-A AT SWIM-B), 2R J5 FRIEHL A A FIAR
1 B G IF— AL, IR T2 A o 2R 2R (SWIM-all)

£ SWIM £, Z3A, A2, B8 0.1, m BHUETEHEIA {1,---,50} « XFF I'IMMC, k72 [ )44 k
(¥IH{E Y15 B 4 {100, 200, ---,500} » Sl y E@E&zfﬁﬁiﬂy{lo‘ |i:—4,---,3} o %t SSDR-MML, FRATK A
ZHC, BN 100, ikA=1, ZH¥a,, a,, BB, MEETEHED{0,0.05, -1} . XFT GLMVML, ]
Ay, Ay A FIA HRE RN (20,2720 Ak A, A, A A M IER S {10°,10°,,10°) , ik 4,
2y M1 IR {107,107 107 o Sk F-RRATIISE:, BH0A F A, WHUETEF A {0.05,0.4,+,1.0} » ik
FEAR R AN B (my = my ) IR BBV B 50 (1,2, -+, 50) o ASSCHR AT (S50 38 /2 /F Conroe IV Ll
1711, CPU X 2.8GHz, FN{-A 12GB. ATH MATLAB 2018b 528l T HiL MRS L, TESLIGH,
TRATTRH 5 578 XIGUEAN 230 P20, SLIRI%HT 800% M AR (E N IZREE, 20% A 1 Syl 4E .

3.3. SLEER KD

3.3.1. HAHIMRERTEL
FEARTTH,  FA TR BB B 1 77 AU A BT iR RE . 4% 3~6 0V 1 DUASPEN 4R AR R RIEE
BUEIEIITERE .

Table 3. Hamming loss statistic

% 3. XRRIRR Gt

Hamming Loss

RS mirflickr pascal07 corel5k espgame lapart12 Health Social
SWIM-A 0.041 0.097 0.066 0.072 0.073 0.044 0.024
SWIM-B 0.039 0.094 0.067 0.070 0.075 0.043 0.024
SWIM-all 0.036 0.089 0.063 0.067 0.068 0.040 0.023

IrMMC 0.034 0.093 0.051 0.056 0.060 0.043 0.024
SSDR-MML 0.036 0.082 0.059 0.069 0.072 0.043 0.024
GLMVML 0.043 0.107 0.061 0.098 0.111 0.043 0.024
B 5 12 0.029 0.076 0.057 0.052 0.054 0.035 0.019

Table 4. Ranking loss statistic
4. HEFRR ST

Ranking Loss
Hik mirflickr pascal07 corel5k espgame lapart12 Health Social
SWIM-A 0.296 0.197 0.131 0.204 0.188 0.081 0.079
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Continued
SWIM-B 0.291 0.193 0.136 0.199 0.195 0.077 0.085
SWIM-all 0.269 0.186 0.123 0.190 0.182 0.064 0.071
IrMMC 0.287 0.371 0.205 0.257 0.236 0.082 0.095
SSDR-MML 0.308 0.168 0.152 0.219 0.194 0.060 0.062
GLMVML 0.393 0.162 0.118 0.246 0.211 0.056 0.078
PR 7 i 0.235 0.147 0.109 0.168 0.156 0.047 0.053
Table 5. One error statistic
= 5. HIRIREIRGIT
One Error
RS mirflickr pascal07 corel5k espgame lapart12 Health Social
SWIM-A 0.968 0.491 0.565 0.588 0.661 0.370 0.342
SWIM-B 0.964 0.478 0.552 0.576 0.654 0.363 0.365
SWIM-all 0.949 0.455 0.534 0.559 0.644 0.339 0.328
IrMMC 0.972 0.637 0.816 0.789 0.756 0.377 0.386
SSDR-MML 0.895 0.422 0.677 0.663 0.657 0.342 0.319
GLMVML 0.906 0.524 0.481 0.574 0.553 0.335 0.331
Py i 0.921 0.403 0.450 0.536 0.612 0.306 0.298
Table 6. Average precision statistic
6. THRBE ST
Average Precision
Hik mirflickr pascal07 corel5k espgame lapart12 Health Social
SWIM-A 0.060 0.601 0.405 0.297 0.295 0.711 0.73
SWIM-B 0.063 0.605 0.402 0.303 0.286 0.714 0.721
SWIM-all 0.068 0.617 0.416 0.313 0.307 0.729 0.746
IrMMC 0.037 0.381 0.179 0.158 0.169 0.705 0.712
SSDR-MML 0.085 0.629 0.278 0.220 0.213 0.723 0.758
GLMVML 0.083 0.584 0.437 0.309 0.342 0.734 0.737
IR/ SARES 0.089 0.657 0.459 0.332 0.338 0.756 0.772

MR SCIR 25 L, FRATHE I B S AT LU R AR b, A B i vERE . filln, 7E3% 6 43 pascal07
—%l 71, IrMMC. SSDR-MML 1 GLMVML [¥] Average precision 43 %4 0.381, 0.629, 0.584, TfifHi
%1 Average precision 24 0.657, 43l Ext LL SR i 0.276, 0.028 1 0.073. [ pascal07 #5545,

FE At S0 Kt 58 bt m] DU ISR M 52 45 2R
MSEB SR AT LU H, SWIM-all {1244

o
RE 2

LT SWIM-A 1 SWIM-B. £ Fir 5 $idi & v, SWIM-all

() DY JTPEAR i b 45 R 2 7 T B A 592 SWIM-A AT SWIM-B. DL Social #5445 4451, SWIM-all ) Hamming
loss, Ranking loss 1 One error 435> 0.023,0.071 1 0.328, ZHH TAKF SWIM-A ] 0.024,0.079 #10.342,
PLK SWIM-B 1] 0.024, 0.085 1 0.365. [A], SWIM-all '] Average precision A 0.746, %35tk SWIM-A
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Figure 2. Hamming Loss with different values of A
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