PERE . FERSE 20194 F494E F 91 1083-1096 ¢ CHIERFEY ekt
SCIENTTIA SINICA Informationis " SCIENCE CHINA PRESS

-I;Fij_f_ @ SrossMark

EEHKRIRIEE

RER, Xoe'?

1. RERFHENARE S T2BE, BE 210096
2. THENLM 28 FE B RS S A0 s (R M KE), Mal 210096
* J@{E{E#. E-mail: zhangml@seu.edu.cn

RS H HH: 2018-06-10; &I HIH: 2019-01-21; 5% HH: 2019-04-29; M4tk HIH: 2019-08-29

K E AR TR (HES: 2018YFB1004300) FE R HRRIHAIE S (HEHES: 61573104) %I H

HE RECFIE-—REZNBREENEFIER. AZERT, FMRERANZHE &£ THA
HATZ| B, A = E 5 — AR AT A B, AR — MR A B ARE. AR A B AR
FATHME, HIE R A REATT R 6 #HATHE, AT IZ RSB 2 X EWAAICHTHE, HILELEF &
MNAEVH BB F R R R AT S T ()RR AU B S8 A TR B 3R VH B R B R AT D 5F 3] S X2 TR
HATHR. B, SHEFILFINEX UL SEMARFIERO KRR, AEHIA LR &K
£ T HECR B RAITIDE I EHHATNA. B TRE RN FRATE & 8P A0 2 T 4 H B8R 1 R AR 1T
FARE REMALHTEEFTETR LSO T M.

Kgia  HLEF, BEEFS, RATIDE A, REATID, FHE R

1 5|§

LG8 W B 5 ST LA ST T B S AR ) 2 () — P IR D I v = RY Ay d 9123 1),
Y =A{y1,y2.- - yq} NEE ¢ DEMIPRICEN, LG RE IS T INAE D = {(ziv:) |
1<i<m} #GRE fx =Y HF o = [z, 20,..., 204" € X A dHERERE RO, s c Y N
BT R SRR

TEZAEZE T ) A REI A e rbsid B T2, Z2R A Pc /BN “iEB{E B (supervision
information)” 2% & J % >J [ @ A8 ORI, 2 57 >0 3Rz A Ve Re L i B 2R 3R AR G B 2 )
MEZRAE 22 ST, SRS “0RMEE (strong supervision)” {5, BIFEYIZRIN AT LASRAS K B Frid
FEAS, BEAMEARRORRICME B2 IR B— 0. ST, Hct S S 2 4, b Thsid At
i FSEARICHE ARAFAE IR ], ok KB B W RiARiC REAS, o R e M -0 A IR IS R,
B 55 5 B (weakly-supervised) 5 5. W] 78 55 8 BE B A& T ARG T %3], CRUANLES 2 > 4
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fRbRica 2] (partial label learning) A& —JS B ZL 1) 55 I8 B 2% STHESL B4 FEAZHEZL R, B4R 1)
FRic ARG B — VAR I, TR R T —A “RiEhridfE & (candidate label set)”, FME— ) FL5K
Fric Bl 2E B bR i e b, (BAE I ZRBY BG4 7 21 RGERAF I M LRI . 720 FH 3 B 8O
HIREARFEAT 7 ST A, — AN EDUL B SRS 2 S R iIC S & 54T W5 (disambiguation)”, X111 H T
HPRCRE SRR hR IR G, FE T B ER 232 3] “PAFRId (false positive label)” FIFZHA, K
B BEZEMN “HEJH B (disambiguation-free)” A B iR bR 10 5 > 1] 8,

R SCHE ST  JE T 1027 ) MO U P ROR. B K 9648 b
FSTRE SO B 5 HABAR DG STHESR I OC &R (3 2 1Y) ARJE X BAT LA AR R M V1 S0 SR 1) i b
WS FEHAT A (5 3 71). BT R E fi /- A FRATTHR ) P o 22 T A 9 5 SR 1) v i 2 ) B0
(5 4 7). BJERASCIAT S5 EHe st — BT 7T [ (38 5 ).

2 RIFIEFE S

FEILSEAE R, AR 35, X W TR [ b B N 2E 4T i 44 6, D9 AR AR, AT BA23 0 A
[ B AL AL A A R R, (R BTV AN 44 - 5 N IR RO 2R . 75 0 Bt R AT AR i
I, A BEARPRE AR, v RV P AT ELARE, BT HAMA TN, B AESER R, —MEL
X GATAE 2R 2 AT, (B H o A —AN 2 IERA 7).

e Bk serh, S R — AR PRI EAT 2 E, B SERR G TOVEE NI ZRI 47 ) RG AT I
BICAFRI R, TEiEAd F A G b B2 S iR AT 2 ). R T 0 BRI 5t AT A ot @ A, b i 2% 2] 189
Rz A, HAHEGEE LT,

EX1 (fwbrid: ) R X = RY N d 4B, Y = {y1,p2, ...,y AEE ¢ DA
HIbRic S, 5 Mbric 2 T INGRE D = {(2:,5) | 1 < i < m}, KiP o, € Xy d g)gikmE
[Zi1, Tiz, .. il T, S C© Y NEEIRICES, FEA @; FISEARIL g RE, HIHL y; € Si. fbrics>]
HESS R ZE T IIGREE D, AR RN L RKGRE f X - V.

i T AR 105 SIEYIZRIN 0 7 CANREAS I L SERRIC, X BHE BRI, BRI a] BRI B
ARG RKERIFRC, BFFFEICPREAN. HAT, MR SR U5, Wiricy: > Ca I 3 SRR
J15 R, EM TTZHE O, ZEARNE ST BT ARG RS B S IR T . FE, BEE
PRBRIC 5 T IR e, i Hh B b b 10 2% ) Il AT AR AR OC AR, 914n: Mok fmbr e e A o (28 AN
S e O, BT bR SIRE LR 0 B A 2] D01, gy o 1) 4%

HAFE RN, Wirit2= ] 50 IR % 2] (semi-supervised learning) 12131, Z /R 2% 5]
(multi-instance learning) !4 15] DL K& ZFR1c4~ 2] (multi-label learning) 1617 % 1 32 3% 1) 55 M B 2% 21
o] @A E —E KRS X ). B 141X 4 Mhgs i B STHEZR AT 7 XL,

WA 1(a) Fros, FRE 2, ACH D EFEARFRC A, TRE KA ISR ARE, BT
RGN T AT I E R B T A R, R E S, FEAR B BRI (A H bR
i) BB AR CRARID) BTE SUE B, T mAR I > R ZRREAS BL T — Mgk brid &, 5k
PRICER B IHE T — ARG, ZFEAE SUE B 584 WA ikt bric 8 & a4 1 hnid 2518 i
BIRCH, BRTE S BB aR . — kU, WbRiC e iRk e ic 46 & Bl & i SUE B
NTRERHES RN, B 1 <9 <q.

WK 1(b) fizs, 20152, RN FEARLL R4 (bag of instances)” KITERAFAE, #f
AHE bRt E XAE R R AERBZE IR, G a4 HACSa b &4 116, At B 5E
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| 1 |
! ! Cltance ¥ ¥ |
1 [ Instance ]—[ Label ] 11 L 1! "
| | 1 |
| : | [ Instance ]—[ Label ] : | [ Instance ]—[ Label ] : | [ Instance ]—[ Label ] :
1 [ Instance ]—[ ? ] 11 L i ! 1
| | 1 |
. L ' ) !
e e e e ——— L e e e e e e e e — - L e e e e e e — e e e e e e e e - —
(a) (b) (© (d)

B1 (MEEIRRE) SSeE s TR o)
Figure 1 (Color online) Weakly-supervised machine learning framework [3:5]. (a) Semi-supervised learning; (b) multi-
instance learning; (c) multi-label learning; (d) partial label learning

2yt SR S R TR SO S B, RISt R, TR H B B IR R IR R AR R, HE
Pl «fy IEH (false positive instances)” JHPAX 4y, KL, 2% 2] KRG MU GRE FHA IR BE B
NAIR. 2815 2] vh INERAEAS AR IC IR E 5 om0 iR OGS AN, T f b i 2% 21 o, B REA
BT BN R R AE SRR R N OC R AN IR, (£ ) RGP N ZRAEAR AT B, 278015 211
HMEFEAE T 7L b (1 D IE), T Db 10 57 >0 A HME FEAE T i b i S S b I O bric. A EMAR EERIE, 2
A2 2 RV AR 10 27 2] 2 55 W BHE S 0 AR AE T 7 48] 725 ) b i 2% 1) PR 05 1) 2.

Wi 1(c) P, ZhricsEh, BMERRA ZA “IEH (valid)” BIIE FRIC, %> REEH) B AR
FE TR WGl RbRiC R &, Rl EE, FMEARA 2 BT i, KBS B0 0. 2
M, KRR AT BE ARG SR — A, ZARc s S WS BT —A> 2 9870 2K il g, Hodan th 23 8] Dy
TRECIAL.  THDN P2 K () 5 tH 23 8], V2 R0 R SN ZREE R OO BT D 8 FEAR, MR, WX
—MAEEE, ZhRCIZRFEAR R A B IR BHME . AMERIL, ZARic IR R 2 AN FRid
NESERRIL, HA 2] B se Aol BIRR 10 4R & B, TR AR 10 I ZRAE AT B (1) 22 A FRic SO b
0, 2 HbR ARG 2 AL . —J7 1, MFRid s 8 B, iR ic AT UEERA B A bx
1t (noisy label)” IZARCFEAR; 75— 710, 42 bC AR I B SIAR IR SR ICHT, WX T “55FR10 (weak
label)” [18~20] & 3 i i,

BRutb 2z Ab, 55058 2 S HE R IE 4G 2 /R B 2 bRid 2% 2] (multi-instance multi-label learning) 21,
B ZFRid 2] (partial multi-label learning) 122~241 25, 7E BLst Fp ) 55 BHE B WL HR M A L
FE, 75 AR A4 n) e 43808 2 1 2 ST HEZE. T 2406 R L SR id B T — g bR ic v, e #% fhbmic
S OIHESR AT HiR 5 A ) 245143 H 4R (20, 25~29],

3 ETHEMRFCEIFE

FEMRPRICSE STHESL, R MEAR IR LS BA B B — PRI ag Pk, FSEhRic R fE Rt bnic
Eam. AR RA BOCHERIREA, — R EDW A S bR 10 55 =T 1) ) 5 9252 X ik bn 1 5 & ik
ITIH B R AZ B, DU RIS 52 2] SR B ZER AT AR AN R A g, B 5 TR (identification-
based)” HIVE B “J& T4 (averaging-based)” FITHIL. F= T HHR K BOR b iC A B B SR iC
NFEAZ R, JE L IEAR T S A R FE AR A b pR 5 LA S B 561 24 (7 B P i AR e e A
AR Mg AR IC AR TR ROA R, 3l 25 4 2 ST R A s A 10 L PO R SR TR . (A5 — 4R 2, &t
Xt 1 P O BSRG, WIE T A TR B R N 5 25 SRR I A BAR B, X 3 1P A A 5K
AT A
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PRk, ARTDEAG 4 PR A FE T4 B A bR 10 2 2 Bk, RIS T R V8 05 S AR K AL AR
{51777 PL-EM 251 f KAKIA G 572 M3PL B0 D) Kz T 351 %4 o5 s & (1 Py Ak 7 v CLPL B,
Boosting /7% CORD B4,

3.1 WMARMURMEITHEE

R ARbR LS 2] RAFEN Z RS KE f BASHEURRRER: f(r) = argmaxyeyp(y | z,0).
H ply | 2,0) BRFEAR z BAEML y MERMZE, 0 AEAMSH &, RIZINGEFFEAR
WSS, —Fh BV SRS 2 R B RABISR (maximum likelihood)” Ak -vH JU) %o 458 74 2 $ it 47
KA

0" = Si |z, 0
argmgXI:[lp(yE | 2, 0)

~ argmgx ) log (Z Py | wi,e))) | 1)
=1 yES;
AR ) W B KL (expectation-maximization, EM)” 2] Hykxf= (1) #4T0046. EM Hike
—FEAAL T, @i E-step Al M-step X S H03E 4T 6 A T
1E E-step 11, BT AT IR 240 0O), AR 1 5 30 82 0 A EAT Al -

i 716)
p(y | ac/7 ) ., wes,
Py | @) ={ Lyes, P i, 00) -

0, otherwise.

£ M-step 1, 03 (1) H HARRECN L) = Y272, log(X, 5, P(y | 4, 0)), HRAFE Jensen AZEZAT
R1G L(0) BT Fek%L A(0):

_p(y|33i,9)
Zlog(z vl ﬁ<y|mi>)

yeSs

=) TIESE logm

L(6) > A(6) H* 6 = 6 iz A% G S, 22T, EM SUEEN SR T SR A(0) W24
AT R
0+ = arg max A(6). (4)

EEE M, E-step /£ €M LS T AHMREFRCES S FHE, BMEERRS y € S )5
B py | @) AR T AR BONFEAR LSEARIC I B, MARRERID v ¢ S KRRME Y 0.

7E PL-EM 2, KA “Be kK (maximum entropy, ME)” (25,33, 341 RIS J5 I MER A p(y | 2, 0)
KBRS HOE BT T 218, 55— R TR USRS T I bR iC 22 2] 53% LSB-CMM (logistic stick
breaking conditional multinomial model) K F “#ZR E#EA (probabilistic graphical model)” 835 {77
N Z 5 4.
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3.2 BANERS®
BRFFEE Y = (g, 90,0 vg), WFESTRGAE g MEHESEE © = {(wy,,b,,) | w,, €
RY,b, €R,1< )< g}, WO Y S RAF BN LKA KE 1 M T

f(@) = argmaxw, - @ +b,. (5)

X (5) Frm S A B AT AN, — i FH A SRmE e KAk “AIBE (margin)”, HH br ek 208 % B
HnFRRIIE A
min L(©,D) + A - (6), (6)

Hrh L(©,D) AT HEHEBLENGFEAR L) “AIHK (empirical loss)”, Q(O) H T H LA JFE
TS\ T2 5045 AR R B 2% 0T H A B B 52

EF0HAR LS ) i, FRERAIE N AR R L(0, D) PLAEAIE J: R4 Q(©) DRI i
R RFIE . IR R UL, B AT R A L2 YR Q(O) = 1|wl|?. G50tk ok B0 75 f i A A5
O FAMRIRICNGREEAR (2, ;) BI7P2RRES). B EITEMRARIC Y > ) @b, S R A H L bRic ke & 1E
fEIEARICEE S, 25 % —HEMERR A, B KAGIE R 7772 M3PL (maximum margin partial label learning)
A B i bric e & h Ze i HHE SR IR ICE D B SkpRie, JF i R B SEbric 5 HoAtbrid Z 1Al a]
B, 2 (6) P BIDLAL 1)@ v] 2L 5 0

1< ) s
min — wi|[* + A ;
oty el A Y6

st (wy, - @i +by,) — glj;i(w} i+ b)) =21 -6,

& >0, Vie{l2,...,m}, (7)
yeSs,

S Iy =j)=mn; Vie{l,2,....q}

i=1
HARTAN LR FATTE RIS TR B s KRIIRRAE N, ¢ JybastiAg &, 55 3 MR AR
(RENH)) HSEARICIRIR ¥ = {y1,v2, - -, Ym) WAL AATIIRRASIA] S = Sy x Sy x -+ x Sy, UG 56 4
AR IF AT 2R H SRR TR IR T AN 300 B 6 2 2B N B AT S 56, ny RS I ZRAE LSk
FRCNE § ASBIEEARL, "R REARSS § AN BE R S AL OIS R, I(r) NI,
R, BUER 1, RZHUEN 0.

K (7) B BIOLAL I EE, M3PL SLERH —Fh LB AL (alternating optimization)” FHENE,
WK E HEFRCIRIR y MRS H ©, X b — R 3T ik, EEUWSk. EAEERE, Z£EE o,
SH y W, AR AR XL AR IR A IR B

f£ M3PL Sk, Pt AR AR AL S pm e b e 5 R AR AR 1C i d Kt 2 Ta] S TRD R 57
A — I T 5RO AN SRS A 5230 PL-SVM PO fRfb i pric e & Lot 5 Ak ikbrid i & b
iCoN s EL ]

3.3 mfiiLsE
BBt g; : & — R AEH j FRRMN IR, WZI52RE f Al Eid =380 3RE% ¢; (1 <
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j < q) T 3RS

f(x) = arg max gi(x). (8)

XFor KA I S HUGE I BEAT SRAR, 5 FI 8007 2O B MUK B FEmARIC S T, 45 %8 fbric Il 25
£ D WHEE ) RGN “Inbric 0/1 $15K (partial 0/1 loss)”: L,(D) = Yot I (arg maxy, ey g;(xi) ¢ Si),
SR L, (D) ToikEZMAL, £ AR IE 532 CLPL (convex loss for partial label) H, #& H 3 T4
SEM RN PR U R — R 5E S0 SR AL

Ly(D) = Lu(z;, Si)

= |v <M> + D W(—gr(x)]| | (9)
i=1 |SZ| yrE€S;

HoP MO 1 UE— SRR LSBT R AR A (T R AR, BB DR AR B AR C A L
G B R RR AT BB 0 T e . S, = Y\ S, AR FRC AR A 2™ L v iR
U(0) > 1 MEMER L,(D) < 1Ly(D), BN Ly (D) BN L, (D) 1) “EAISK (surrogate loss)”. i 2
IR PRI R B R B (hinge loss)” . “FREURK (exponential loss)” . “IZ
12K (logistic loss)” 4.

it & RSB A @« X x Y - RIXO 45 SRBI - FRiDT B (z,y) € X x Y, %R
P H W T B @ (e, y):

x-l(y=y1)
xz-lI(y =

B(w,y) = (y = y2) . (10)
4 ]I(y:yq)

CLPL Hfmbric 27 > In] UL 08 — 3870 281 i, € SCEREARSE DT MIFFEALE D

1 ‘

Y; €54

(11)

D™ = {®(zi,yr) | 1 <i<m, yp, € S}

CLPL 5EHG m MmARICHEARFHNY m AN IEFEARR Y7 (¢ — [S]) DIAFEA. ¥ By AL
PR BREL W [ IR HNE, WIS By 8RS DT UD- LAl A 2800 348 h: R S R,
B b« By(DTUD™). XL (9) F1 (11), A% BB MERIVREM TR (9) Frni &gk
3.4 Boosting 7k

Boosting SOARTENL &7 > gl 2 N, e i i ARt 55 2 ST S B NI A BE T BRI 2 S R 4.
HFFrid B AR B S Arid 22 31 5 CORD (confidence-rated discriminative partial label learning)
WM T boosting HIFXMMARICEEARBEAT 22 >, FEERE—FRIAA T, AN SR RE AL E 5 ik pric 1 B
(E2
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UEBRICIIASE D = {(,5) | 1 < i < m}, 758 ¢ HEMRT, EUEAEN w®) =
[wgﬂ,w;ﬂ, w7, BRE BN PO = [p) 5y, CORD HIAIEIT A HFREH (12) K13
BT g(y | x,0M):

J(D,01) = Z wi" log ( S gy | wi,b’(“)) : (12)

y; €S

] LA Y, ARG OB gy, | @, 00) LA plY) AL, By WM @; BSERRICHIEERE, SCl
TR IC A B IV L. T 2 ke AR 10 BLAS FEAE RIS, RIGR AL D91 257 BN

FEALGEIX) Boosting I FEH, A 2 FENE LR VPG I ZRacd (02 0 SRARAE (AL 1Y) IIZRAEA L
FIPERE. 2RI, PRI ST, T UIZRAEA R B SEARIC R A, Toi2ad e i Al 5 R PP Al 2 7338
#IITERE. CORD AR AR AE (R b R i 58 & 5 AR IR AR L 4 & fo K HH 2 ZERVPAl 2k 7 AR 11
ri [30, 36]

0= 3wl o0,
i=1

(13)
1 = max g(y; | #:,00) — max gy | z:,0).
Y;€S: yr€S;
TR HIFEAR E wtD) B
) a®~®
Vie{l,...,m}: witt) = Yi exp(=ally, ') (14)

i - 7(t+1) ’

o a® N5 ¢ PRI R A RE o) = L log(Hr), 20D SR T, U R
S wiY = 1. MR, TR B A AR PO+ E%‘ﬁﬁu?

i=1 z
Lo - exp(B - 1y; = y))

K R{"Y 7 (15)

vie{l,...,m},j€{l,...,q

y = argmax g(y | z;,0),
yEeS;

b B> 0 NESEEHEMEREH S o0 NIES ¢ Sk AR R bR s o, RUTD Sy
AL BE T, PARRER 7 pl Y = 1.

£ CORD 1, FIf Boosting A [ B i R A (AL 5 S bRic 0 B (5 1, X bR 0 e it
TR RIEZ A, —Fb k JEARJTIE PL-ANN 37 523 int 6 30 AR A A I 2 Kt o L 1 384T
T, 7EBEIERE b — i TRl 0 i 2 =T B0k TPAL B8 R AT RE A M B B, it AR
HEARARBF AR ) B (5 18 T HEAT U 52, T ReglSL 39 J735: 5 N IF MITR, 3E— 424 5 4 B30 11 1
HFRFR, #ATHEL LALO J5v% MO &5 BBAE4Z 98 s b ic B XFR 12 42 4 (latent label distribution)
IR, M B R U RIE 4 2588 PL-LEAF 7538 (411 T PR AE 25 6] () 45 Mo SRR e s kA i B A5
B, FERETZ B E AT Z 5 )T (multi-output regression) F%%>]. 7EMEER ) PL-LE J7v% 42 AN
A R AR L [B] ) EBAS B, B2 AR 7340 (generalized label distribution) X JE{EEFRICHT LA
FI.
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4 ETIEHERNRFICEIEE

FE TV ISP SR U b S X D A 1 X R A bR R A IR, SR T TR R L SEARE v BR
TEEERRICE A T, F TR RARIC S I E AR S Z Bt bric (RF S)\y:) 5 REIAFIFZm. XT3
U B, SR — 50 IR A IR A RIS BIRRE g0 T RE AT RO AR ic T AE B sehric; X7
TH BRI, X R SRR T AR B i T B VT L O AR AR T A e

DRI, AT H 2 RS RS SR A 10 2% 31 I . AT 82 R RN 2 FhoAH R JE T B AR
027 IR, BRI 684 gl 5 v PL-ECOC 431 DL K — 2870 L J5 4 PALOC [44],

4.1 iEMIBmE T

FRic I RGERAR HR R ARBZESES [ X - Y, AR <At g9 (error-
correcting output codes, ECOC)” J7iAki@EId “Yutdh — fRhd” 12 5N 2 2800 K i) Bl 45 — 2K 2R
i /.

TEGIDHT B, B 56 L AHMISFHERE M e {+1, —1}7<F, Horh M W& —17 M(j,:) &L y;
XFRLRAS S, KEN L, F—FR KR ¢ BIID v = [v1,vs,...,vg) € {+1,-1}9, FET v, FridZ ] A]
BRIy Y MY PSS T2

y;’:{yjlvj:—kl,léqu},

16
Vo =Y\ 1o

4 EARMPRICAEAR (24, 5;), PL-ECOC FEANRE X MEikbrid g & S #ATHE, R HEE—1
AR (entirety)”. fERYE T RIPIRET by I, BHREIRCES S AVEL Vi T, W o oy — A IE
FEAS; FREARICERS S ERVEAE Yy T, WERE ; B — DR, BIMAEIIZR3 K8 hy IR 2%
x;, B

D, = {(zs, +1) | S; CYS 1 <i<myU{(z,—1) | S; C Y, ,1<i<m}. (17)

HERER], BT YA R BENLE, AT Re HIL D, THFEARE D IIE DL, WAL YIRS (1 e BHE B AL
A TR RNZ ARG > 2588, I, PL-ECOC & 17— AMBIMH « HHIIIGEFEASH. X4
D, WREAKE/NT 7 b, SEHAR Ay, 53 D, T EEBRME. 25, TRH K% H
% B AR GREE AT 5 S BRAR BIE 70 2RE8 by, B by« B(D,), H¥4% v I PL-ECOC [1)%wh4
FEREAF M(:, 1) = .

TERRIDIN B, X TR WRB] o*, BT 5% R KB o LM rEE o XRMKE L
ELRR A 7 () = [ha(x®), he(x®), ..., he(x*)]T, PL-ECOC ¥ 55 h(x*) HIEIE 2 H1E g
AR I TNy -

f(x¥) = argmax dist(h(x*), M (4,:)), (18)

y; €Y
ForbEE B pR AL dist(u, v) PR ZF0EAT S, W <50 (Hamming)” $E & B8, “BX=X (BEuclidean)”
PEES 151 <FEFHURM (loss-based)” B g5 [46:47] 2,
Bk 1 451 T PL-ECOC 503k U3 O fiig, S0k amibn Be (DB 1~11) FARRSFBL (00
PR 12 F1 13). fEGRRLRTBL, BB DT v, IRAE v WIMARIC A IR AE TR EE (PR 3~5); 4
FONMZRE R FEALTH KT BIER, RS o IAGRASRERE R, SRR ZRieitscsn — 2R 5k (o6
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Algorithm 1 The pseudo-code of PL-ECOC

Input: D: partial label training set {(x;,S;) |1 <i<m}, (z; € X,5; CV,X =RL Y = {y1,v2,..-,Y¢});
L: the codeword length;

B: binary training algorithm;
7: the thresholding binary training set size;
x*: the unseen instance;

Output: y*: the predicted class label for *;

1: 1 =0;

2: while | # L do

3: Randomly generate a ¢-bits column coding: v = [v1,v2,...,v4] € {+1,—1}9;
4: Dichotomize the label space according to (16);

5: Construct binary training set according to (17);

6: if |Dy |< 7 then

7 I=1+1;

8: Set the I-th column of the coding matrix M to v: M(:,l) = v;

9: Build the binary classifier by invoking B on Dy, i.e., hy + B(Dy);

10: end if

11: end while

12: Generate codeword h(z*) by querying binary classifier’ outputs: h(z*) = [h1(x*), ha(x*),..., hr(x*)]T;
13: Return y* = f(a*) according to (18).

B 6~10); AL, FOPREBIME L 5057, TERRIDI B, 100 T % 280 a8 A ik Wil %f o
i, SRJE IR M 45 5 (PR 12 F1 13).

PL-ECOC /N FX & ARIEFRICHEAT X 43, T RW B — MRS T B AE, & —FhIEH R bR
=R

4.2 ZEHBIHIGE

IENEE 2 TR, tbnic s S B A2 2E TIZRER D 2] — A2 K00 28488, lH RV, ik
3 10) R LU G 2 P 2R LR L 4 2 A 0 R, SR AR ICREA (2, ;) O
SEFRIE vy BT HARERR ISR S, 48 R MLV B . R X2 LS,
BEXIE R0, TEME (24, S;) MR AIERER K. B X — o MNLH], X3 —hx
1O, TVEIE (x4, S;) BiAERIS R —AMFRic.

PFATATER HH 1 PALOC J5¥2% (patial label learning via one-vs-one decomposition) f# fi#ric A&
X SR HLE, AE S LIS LAUREF T imbric 7 20 b B R B, X T REEARCT (yj, vi),
v Moye 5 (0, 8;) BIRERHEAT S IEEFRCES TR RHIGE, MAEEATE CRANN) HIhricm
FRMEPE. 2 (x4, S;) R S £ Y PHIANE, AT REHARICRT (y), yr), FHN. RN ZREER- T

+1, if Yy e S;,
where ¢(S;,y) = and

— 1, otherwise,
+1, if Y; € Sz and Y € Si,
(S, Y5, yk) = { (19)

-1, ify; e S; and Yk € S;.
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R, ST RAFC AR (2,,5), A 4 My 55 S, H EBIOIIRE R, ZREAA 24
BN KNG Dy oh. 8 ROk, BTG Dy, FUH 351000 B MK KN KB g0, 11
gt B(Dyy). Tk, ORI E3k «sb— 4o bl SEaT LUk (1) A KA (B < k).
GAMRRCIZRER (2, 5) 2555 |55 A KA KB GiL 2.

s (9) A AR @ MORFIC AT H A AR R

Yy = arg ma§ ‘/ovo(w7 y_])

Y; €
j—1 q
—argmax > I(giy(@) <0)+ 3 Tgsule) > 0). (20)
vy 3 k=j+1
REIET (20) BEHATHINE — A4 0777, PALOC {53 #8 K H Stacking HeMg 1461 42
TPk BE. X TR MR INGREAR (x;, S;), HAEEFRICES S, Al E N S;, BRI T
. giy, if 9; € S,
Si:{{y} if 9 € (21)
S; if 9; ¢ Si,

H g, = argmaxy, ey Vovo (%, y;) FnsE T2 (20) SRl 2, BTSSR, BRI, 2 F00LE RET S,
RIEVFICER G E N {0:}, RARIEFFICES IRFFAZ.

Z5E (3) DTRPREE gk (1< j <k <q), #—PHH Stacking HISHIE ¢ MBI 3K
& (ML ). SFEARL v (1< < q), AN RIS EMIE D T:

D; = {(2:,0(Si,y5)) | 1 <i <m},

where &; = [@;, 912(i), 913(4), - - -, 9(g—1)q(Ti)];
A +1, if Yj € S’i7
and  ¢(S;,y;) = . X (22)
— 1, if Yj ¢ SZ

PAIEB, M T D FHORA TRUIGRER, & HRIARHERI R @, 15 (2) AN 28I BIIG: R
R BRIE (Sivyy) oy 5 S ITRIRSE R e, JET e, )E T 104 D, R K2 5 50k B i —
KEH g X =R

TEMIRI B, X TR MR @, BB (1) KB

i* = [33*, 912(33*)7 ng(x*)7 see 7g(q—l)q(m*)]' (23)
WIE, (3) MEE g (1< < k<q) 5 g MRE g (1<) <q) WRER, Fl 2 MR

*

Yy :f(w*):argma§ Vovo(®™,y5) + 1+ Vatack (27, y5)

IS
J—1 q
=argmax > Ign;(@") <0)+ Y Igjn(@) > 0) + pu-T(g;(@") > 0), (24)
Yi h=1 k=j+1
Fobt S SR RBIOBETH Voo (2%, y5) 15 Stacking ~ K5 K8 Viaa(w*, ;) IBEEH

P 24
Bk 2 BE T PALOC SAM e B IR, @ mbric IZRge, FIA <X — g pLilpy e — 3
WERER, JriE (3) Drkas (PR 1~6). RJE I 2R SRR I ZRFEA R & 1 R A7) &
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Algorithm 2 The pseudo-code of PALOC

Input: D: partial label training set {(x;,S;) |1 <i<m}, (z; € X,S5; CV,X =RL Y = {y1,v2,..., Yq});
B: binary training algorithm;

w: the balance parameter;
x*: the unseen instance;
Output: y*: the predicted label label for *;
: forj=1tog—1do
for k=j+1to qdo
Construct the one-vs-one binary training set D;j, according to (19);

gik < B(Djr);

1

2

3

4

5: end for
6: end for

7: for ¢ =1 to m do

8 Obtain the disambiguation prediction g; for @; according to (20);

9:  Indentify the refined candidate label set S; for a; according to (21);
10: end for

11: for r =1 to g do

12: Construct the stacking binary training set D; according to (22);

13:  gr < B(Dj);

14: end for

15: Generate the augmented feature vector &* for 2* according to (23);
16: Return y* = f(x*) according to (24).

[R I o S ik bR ic S GPIR 7~10). FARHL, FEF Stacking SKBEHE— PG ¢ > 2800 KE8 CPIR
11~14). ffa, AT AR W], FAesic i BrA 2y K28 SL A s 20 GBI 15 1 16).

PALOC 53k M 10) R 46 1) A BE R e b 2 2] I) @, BT «— X — A0 LR b i 27 =) e
e R, FERN G FRicoes i, e bs il AR I RSBy, AN HadE AT B, BRI HAE—
T B R R 10 77 > SRk

5 45RIE

TRARIC S > e — R B 55 I BHESE TEIZAESE T, RN R AR AN A B — R RTBR A P,
FEXF LT ZAMEIERRIC, HAE — AN LSRRI, AR SO BE T I I A 5 Y U SR 1) (A i
SIFFHAT SRR X Fmpric 2 S A0, AT W F i @HE1S 3 — DAL

(1) Il BG4 f B ) R 80 1) SO b TC B0, (0 @ B O 2 ST, fEASCH, A 3 Fl
BB RT3 > 0] B T, Bl CLPL, PL-ECOC, PAK PALOC, #RIMX 3 FhELvESL K hbric 2
SRR 2 S AR, SRR, AR L 2 S 1 B bR RS B 2 20y 2588, IR AT 25 E B R A
05 2V AR N 2 2 R R (B A ) R

(2) MRAFEFIH: RARIC 2 2] PR B A B, IIZAEAR I BHE B A R, BRIk 5E N 78
A0 OB B 2 (M A S MORBIH A, AT 25 FEREARZ I 2 1 “JE (manifold)” R, “5RJE
(cluster)” 15, FIANAHIE IREAR B FRAL IS s IARIC H R, (e i 2 TRD3E & AH S MR i, it b
10 5 AR ARC 2 A S PR 55,

(3) MBS I HESE R A s 2 T FTIR, bRic o) 5 HoAh 55 B S S HE SR BE A B R A X
Sl W e 2 I B bR BRI, DR HACA AR AR I REA, X fmbnid % 2] 5 2Rl 2] B
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Abstract Partial label learning is an important weakly supervised machine learning framework. In partial
label learning, each object is described by a single instance in the input space; however, in the output space, it is
associated with a set of candidate labels among which only one is valid. An intuitive strategy is to disambiguate
candidate labels, but this strategy tends to be misled by false positive labels; therefore, new disambiguation-
free approaches need to be considered. In this paper, several algorithms are reviewed from the perspective of
disambiguation and disambiguation-free strategies. First, the problem definition on partial label learning and
its relationship with other related learning frameworks are given. Second, several representative partial label
learning algorithms via the disambiguation strategy are introduced. Third, two of our proposed disambiguation-
free algorithms are presented. Finally, the summary of this paper is given and possible future investigations on

partial label learning are briefly discussed.

Keywords machine learning, weakly-supervised learning, partial label learning, candidate label,

disambiguation-free strategy
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