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R REF AW, A, BRBUEERGEACH LI A L, B AE)IHT RS XAF 5 Rkk
A5 EH o FE T, Wm# %1% = 2. 4, DeNo AR FEFEARCAHTE & 9 H Mt 2 3% T
RFICHE, CRRIEAGSHE—FRITABENTH. E LA SHEHEEE LWEZREREH, FTiRH
HAEIIH R AR A A R T E R TRk, ATIRE T A M. 8 XA EEEE: https://github.com/
gaoyid39/DeNo.

XiiE  AARICFEN, RERILF D, 2%, FAHRK, HtEER

1 3518

TEVF 2 SEBR N 1, —ANFEARAE AR [FII X BLZ2 ANbRad. Bl n, 7RG EREES Y, — ki st G nT RE R 4
PRYER BRI <RI B <hi 45 02 FEAEYE BT, — BRI B A AR, R, B
AR F2MIEE B4, 2085 2] (multi-label learning, MLL) & 7ERF 78 404 B 2 AN FRiC IEEAR 242
HH BRI SR A WLAE AR LS bR 2 B R 43 SRAR R 58,

T SRR IS HAE AR 1) 2 PR B 5 ZERN R E N TR, AL 63381 iy H Bk ok ik
#2010 BRI, 3 43 Fn 10 AR R T T ML AT TR, AR AR S A LUEAT, TR I TE AR i, §
BOREAY S FERRVE. W 1 ) “Husky” FTREBCRAR N “Wolf”, i ik bric 8E-& R A TG RbRId, A 51K
Zhric ) (partial multi-label learning, PML) A & (012) ARz S A, AFEAR S —AMEIE AR5 & 4
REE, Hoi Ao rid A E sbrid 13~ PML 1 HAR R EEAER I BE BT, %) — M Reig@Ein k4 MLL
PERE Y 73 FEEAY 1617 g PML (i), 50T 038 R B AR 10 &R & o 1T A AR oy L SebR e, JF EHEER
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Figure 1 (Color online) Example of a partial multi-labeled sample.

BAIAE YN GRid R v 25 5y 52 B R I BE 5 10T, T 38 BRIz A Tt e JCHAE R F P 782Kk (square loss) 1
ATOCACIS | PZ SR B A i bric — PR, s AARYE TR R B8 R A T v S i BB 8. il /= (o
R FRICKT KA PML ) R SR B RN, J5 SR 78 5 2 AT L (disambiguation) fAA FEHEAT @A, i T TN A2
RENS S B e AR 10 O FLSEAR T AT BE 31 50 775 V238 A 3 T A 3 0 i e hr il AT RS IE BRINAN 22 2] |
HET B AR IE P B R L SehRid 5 S 13191 AR B AR AN, X ROVERT R/ . (1) B TP
R J5 1 I REA (] 5 5 R AR AP SR A 3B AR 1E B FE 0 30, InbRic A3k (1abel propagation) 2021 fric 355
(label enhancement) 22231 & HC (cluster assignment) 12241 &5 (2) FE TR B0& 1 T BORAFIERRICH H
WP o LD 8 AR 1 DUk 2 T M P A R 125260 Bt AT PR AR R 2T LRI S . AR, bk
JIEMHURS € 15 R AR (WP PEBRR R ), 7R ARV E RO Tl R R IR E 181 Jehh, xBTS
BRIk B G N BAS FEAEE, TTZ2 1 sl b Z AN TE R bR IC P2 & I HE M 1A 5L, T IX 2845 L R A A
g RS S R MM E R B R 5.

DR LR ) R, AR SO MBS SR ) A R H R, 6 PMIL RV S A AT BER 20 . AN RT3 Tk
BTN B AT A bR iC HE b ik O A R SR AN SO R G SR S A — AR, R A
R IH— AT LA NS S 0 R, TG 2 B bR bl R A TR O B & WIS T 0 I S5 4R
[FJ AR, AR AN e 7 AT S 3R, T A 38 I 70T S A AL A S M6 P A AT A 32 5 vh BB A, IR 45 & ARt bR i
HIHER 29 SRR BEAS E B DB 5, AT SR B SE AR A i) e i A2 56T BoR AR, AR Y — bk Tt 2071
1 LM fmbric 2% S HEZE DeNo (DeNoising partial multi-Label learning with exclusive constraints). AR &, A
7 A% 48 MLL H A AL A2 S 77 50, DeNo S s051 NS A8 rpopLi a1 P 4R vh xCR I — b 73 Af, (A5
P TIOR8 v T A P, Jaks b AR A5 I8 R iC A3 R B0 T I 2Ry SR I 7 T s ). B S e R R B X —
I35, DeNo £x RRE R0 A m TN AL ZE B FR 10 HHM BRI AR 2 5ad, AT TR e gt QR L ad 72 5 BRI,
DA OREFE ST AR b Db i AT AE I R A2 rh DR 5 A 8 O Rt S iR 2R R, DeNo £EEEMINZRIT B 5 T
A, R 5 SRS B A EAT RRBEX 5, A M BRI T SE AR ALAE . BEAR, DeNo #E—5 A
P ARG bR 1 P 2a & B0 AR A R, e HE A 1 I A 5 e SRR 1 B0, A4 Ry A L 5% L M 7 23 ), (S A e 0 [
238 T 2 TS S 5. /8 R SRRS AP FIFE R R, DeNo fig H 30 R B TRk bR ic 82 & BIIE(E L S2hric, M
AT SRR MM TR R THZ AL BB, A SCHE 11 A MLL R4 BTS00, JH 575 it ik Tt b, 45
R, BT H 5 T HE A 2 3 25 M Sl b 1 2 STHEZE DeNo 85 5 A R A i Mg 75 14, AT B TS 28 1 it
BE— IR A ST 77 12 B A R

ASCIARER T GCHUS . 56 2 Ffa ZA B TAR, 28 3 T HE4IEIE DeNo MBI, 2 4 V@RI
Prociaaf R, 5 5 TR SCHAT B4
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2 MExXI{E

2.1 ZHRIEFES

TEALSE MLL H, BEANFEAT] B8 [F I S 2 AN A AR, TR A 5O AR 10 ) PR AH et 2 B TR B 2R 1 R 11
Az — A8 ARPEFR A M B X, IUE AR KRB N =25 —F (first-order) /7% 23291, [
(second-order) J7i% B%31 FIE Y (high-order) J7k 32381 — R 7l s K MLL AT55 70 ff 45 T4 BRI
AR, RN S B SRR ST f on R 128290 X SRR T B 5 TR, (HARE T ARSIl
WS &R, PR AR 25445 BRI, TS 7R RIPERE 3R T, N ve ik —Bh D7 ik i R IR, J 2t 52 0T
U5 PR A AR IO AR S, BT (pair-wise) FRicZ (A1 SCEE, B, 3 Fhric xd HE 7 82k - BEALIZ 1 7%,
FEZR 18] 56 Z2 AT BB AT 55 h B B 4 (g e B 30-31 0 AR, SEBRiz Bt AR IR IUE H L M R AR
Z 110:34] IR b, B D ik AR R bR AR BN b S ) A BRIC 2 (R PR B A S 133351 il Singh 45 33
FEFRICZ A B S50, 856 B @ N RG5> SiE R AL, i 2 S AR Mok s S @ m M bR il e &
REE M T AERIERE ) E G, REHR R MG R, B5— M ik, oA 2
I ROL T MLL J7 9538 8 M 58 4 BT 5 PR AESE AT 52 20, T PML AR AL BA Ao e B B ik
PRICER G, (AT 55 B BB 3R, BRI, MRS Af AR FE 48 MLL J7E0vE B4 A T PML 5.

2.2 REBIFICES

PML S AEALBEAMERFRIE 26T T B9 MLL 455, HAZ PR TR IEARIC SR & o RN A2 AR SR e 5 e
pRiC, B REAE VISR AR B 3h 7 OH BOFHER IR B SEARie. ARFE BSOS S0 HARKI A, BUA 25T B
(¥ PML J7ik KRBT G =28 TP U7 i . 6T IORR 2 R0 75 V2R T i it L2 U R g 7 031, T
TR I 595N 0, R 2 18] FRAR SR FEAS S EAT AR AR AR 20 AT, DRI IER YRR A 25 0 5 5 ik i . SRRk
A S AL PR T 55 A0 AR RE PR R S bnic, HoAZ O AR B T A (AR A5 R X ik e A il
BEATRCHE 12, JE S S — B W T R R, B4 T B M RO bRc e R 75 7% 12039 L KT B E R brac Ik 2
FRIbRIC G B 5 V2 2237 DR I RN S B R T IS R 2 20 U0k 38390 & B TIRRR 2 SR 75 VR I b
TCEE ) A RAR PR BB, BT, Yu 55 M MERARAR IC RO R RS, ARSI SR & b B S IR B R FLSK
PRIC; Lyu &5 O LT R BB A Y 7E 12 (8] v 2 SIREAR IR RO RR S ), SR S B0 AR 2 iR A5 S e e
72 2R, DL FRic JF SEEUA R0H B X SRR IR S I 2R 52Tt 1 I B AR AR f 1k, (ERCR
AR T B0 2 750 AR AR BT i I D0 8 75 2 A g 16 b i AR A o LRI, 3 e 0T B AE e A i
B o AR R P bR AT I 0 AL 200 PR SEE B B3 25 M. B, P R A AR R B SN i i 1] B e A i 5 A R T
Rl hric 2227 SR, IX TV I RE i B MO T R AR B A A A, b i R AR e 75 L A1 e e
FIREFERMLAE R, BI85 VE MR- 1  (RR R i S5 S A PR (R i, T IX S Se I e R IR H S i h AR 1
MECA A, RIS, TSR3 EOE R AR D5 & N AR ARSI PRI AL A 2 A, X it b ic Hh 2 35 A HEA 1 645
BRI, B FBOCRIMCHARENE. NIRAMNZ AL, A DeNo HESE, 8 e A 1) A s 5 sk
PRICHIMTEAS S, IF A& B 70 A7 S LA SR AL = TR Aie, (AR AR it R 6 5 BT O B 0 A 5, T
ST TR Y 25 MR

3 DeNo /3%

3.1 TSR

BURIAZE BN X e RY, KA R MEARH d ERHIEROR; AR My ¥ = {1,2,... K}, B8 K DRI
7E PML AL, DGR o € ¥ H—Mrihridted S C Y KB MBI PML AR5 AR, B
A x; W R HSARCAR G Y BRI IENS LR S S o, Bl Y, € S, A Y; fEBA NGRS RE R A aT . 2h e
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W FRICEER%E D = {(2,5) | 1 <i < n), PML L4 BAR 554 MLL (24— 50, B7E%3 A ZFRe s %
B h X 2Y, AT R KT A L ShRE. MRS 3R, ROV — A K g5 R AR s, e {0,1}%
FoRMEEFRICE S S MFRD € S 1, i s, (05 ATEE sy = 1, B0 s,y = 0. A8, SO v
WRFN K HHGRAR v, € {0,1)5,

3.2 STEHIE

£ PML 1, RGEFRCE A FIR A & SR ie 5 KRR AR, (AR AE I ZR 300k LAHERA X 7> A FlARID
R EEENE. B ST ISR f) PML 5k A 4 2 AT sigmoid BRES, R34S Ay Y S i S 38
[0, 1] DXIA), #E A0 s Aric i TR R 13,410 SR, sigmoid BRAICM ST ER AR RS 3 BUA R AR IE 2 TR 2 58 4 K
A, ME AR 4R A N B0 RTS8 AR O ST R HE e, T R 1V B8R ATEEZ T, softmax BRI IH—4
RS IE & H TR IC iR, e e bric P B R AR IO AR TN HEFr . 2 F3X 0%, A A softmax
PR T — N TR A B R LR, T TR SR R AR T 2R A rP T AR SRR S T R AN T SR AR
e, AT SEBLA R Me. BAh, ARSONEEE EUEN] 7 iZ AL B A e A ] Ag

BARTT S, Z2h00 70 FBR TR AR o FIEIGRTHCN 2(x) € RE, Hl 2 (x;) FoRfEARIC j LHIJR
dag. 2 z(x) I softmax pAAR B FIIRER 3L @) € [0, 1), FHAPS j Aroa it 5y Lars:

e%i ()
Ele ek (@i)

Nt PR RS T TRIERICES 5 W, FFIZP L i RIE R LA A R A TR, JATR b A
BEAT I, [EERIFRIC AT p(x:). Hd p(x) 5§ DTSRI 0

pj(x;) = (1)

pi () = {¢j(mi)/ Sres, Gu(mi), j €S, N

0, oAt
ZER bR SR EIEbR I & s; ERRREHEAREE R, AR LR IC R S N B AR X T
DIREZRHE T, 878 7E L S0hR 10 (0 TR0 23 A 2 50 AR A Z AP TEOK,, 9T B SR UBEZR 70 A I AR a3, AT S8
kA . B 1 45 HAEIX —SREER T, M A AR 10 T RESRAS IS FRUI A 2% ot ) B 7Y
EIB1 TR o, HXRAEIENRICER AN S, HEWICERNY; C S, HAALERE v > 0, {15
minjey; zj(;) — mingeg,\y; 2i(x;) = v, MEEEFRICHK SRR ¢ i
C= " pil@) <[Si\Yile .
JESI\Y;
HUEER A FRid j* = argmaxjey, 2, SMEEM SR j € S\ Y, A
pj(wi) _ di(xi)/ Ekesi b (i) — oz @)=z (22) ¢ o=
pi-(®i) @5 (Ti)/ Dpes, Pul(Ti) S
BRI, B pj(x) < e Vpje (). FEXWIAFAR j € S;\Y; KM, 15

C= > @) IS\ Yile 7pje(x).
JES:\Y;
BT py- (@) < 1, WATEE] €< |S, \ Yile™. -
FHETT L, 7220 AR FP LI R, AR T B B A 1, IMTE N R Se 4. AR e B SEhmid A
e 5 e A B G EI SR AR S AR TR RE I, R A AR MR R AR R R, TR O AR IE AR R A 55
PR, SCHLTHER J M, TR T sigmoid HUMT REBUIF R AL S ML PEIR. FLAMIERTIORE, b LW 2
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T 2001 o A A U A BEAR SR AF R AR A AR BE D, A2 — R e SR AT AR L B A, AESEBRIIZR AR, T
FORAE NI B R e A 5T, AR AT RE M AT . Rk, 1T softmax VA—A4L 51 NHIAHR T4+ K &,
A £ T 22 S BN, AN MBS ARC 2 [T 2 7 AR A0 RO R o Bl 22 5 AR XA A vy, IR 22 7 il
e ORI o A IRZ 8 BB OZ 0 TEOKR, M ITHHESIIE £ H S hric 5 M 7= ARic 2 (e R B 5 9K BRAh, A3
FINIP T3 45 R 5 R AT Bl T 2 g 5 S0 AN A R 415 R (R 20, AT ORIE A7 5 Hh AL 6 4 55 1] B9 25 A1 1 A1 e
R SAEIER. T — /N iR AT b D bnic 701 5 2 M E A 3EAT I 5.

3.3 KRR

FESAFE N ARl A5, B TRl A& AL B bx, K00 S B RGN SRR R . Ny
I, ARSCBEE T = E o A RS 1 R R R, R R R AR IC AR N IS B —, RN SEE: B e vk i B
A HAERRC . ORAPAR AL fa 1 5 5E T 20 A R RF 2200 55 DL F AR A ad IO IR S BRI ARt I, 26
HIBE SR, AR AR b B A AR 2 i O 25 SR 0 Db ic 81T B I, 2 S B0 R it 5 B A Al
WM, HE—BTIOR CAA W22, 18 BB I R AR AL, JF 7T R i A Tt 5 SRS S5 81 [R] — 2 3T H IR AL (collapsed
solution) [42~44] Sy b F IR A #, DeNo 7ERFFEIEAR A - —50 42 BRI AE FR D AR i 20 AR VR 9 S e U e B
155 %NS — 77 TR KR B 23 AR AR B, 3t A RIS R I I Ve sl o jl B mh DA R 7 A Ji U AR AL o — T THI g
B e SR AL T S B RF A, AT S B ik =X 25 M A R I el A2 R A A AL B

e I e o= W NS E o 4% B R S i oy TS K P N L s R B Uiy A T i R A s e S A e e ]
%t RN ] E—5eAa 2 f R h OnRiC A pU—) () MRV B 5. AR P R IE SCan T

n K
L= =303 0w o (67 @) )
i=1 j=1

ot ¢ (@) R L FTR AR softmax FKURAT AU — g8 . PO ARIC A p©) (a;) HIRFEA
fifgiLhric s S HATHIAGM, JL58 5 TR

O\ _ 1/1Sil, j€Si,
Py = {0, it W

AL IR T 1o £ A — A A8 TR M 2 o Ry R T b i 9, [RJ ISR P b — 0 S8 19 3 B 2 b D b A
VRN B, A R0 b i BHE 5 B A Y Ik I i T ANER €, A v A BEAR IR A G A g P 1 5, e S b B b
CELD

SUE B PFRIC 7 A A IS AU AR P B 3B A SR AR B A IR v TS FEARIC, (R AR5 b — i B AR R Tt
IR 50y (1) YA =R, DR 2 52 B Jms A v i 22 B 2. B TSR T E T softmax 2R 7040, Fo N #B [
A W 58S G STIORTUINK TINS5l AT A 32 56 58 3745 2 i D bric 70 A Y IS5 M 1k e 5, S BORAR DL R 4%
AMEFIE. NG LR ) R, FAVESR R e — 2 5] NP I5 8%, T RES0 SR i th 5 5T 5 AR v Oy
Fric g A, AP BRI I A AR SN HLAT 5. a2 Re A Rl i B R ok I R R 22, (il £l FRAE IR
A R A AT AE AR TR I DRI DAL AR E 1, TR RAE VI SR B (IR 48 | AT SE B0 5515 5. BB i) B e i o
z(x;) & sigmoid RGN EEERIEA 6(x;) € [0, 1)5, 5 ¢ ZEARF ke N

1 n K B 9
Lt = 5, 222 (87 (@) = o (@) (5)
=1 )=
$ofr o) (@) TR § AMHEIENY sigmoid TR,
R4 5% 2 32 AR b i 048, D6 T E 26— PML B @, B0, ARG IE FREAE & 2 K2
AT . SRR DA PR & PSR 5 W R DR, SR bR AT TR I b
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e, HBom B R . AR IR R b 2 X SR A5, 7Y T REAE vef b 10 22 1] v 7 A AN 6 B A i Y 38
I, TSGR A 7 O RS, T B3R5 18 A SCAE B 2R s B b gk — 20 5N HEAR 20 ARAG ST 00, FH DA A AR i
BRIC P57 ) B G BOR 2RO T . 52 Gao &5 B4 B9T7300R A, 1205 111 J0UEE 1 0 g 126 b 10 248 Ttk o £
XHEUBVR LI, (AR R AR X B YR b RAFAREL S P, AT S8 JE SR IC RO . 5 A P TR R AN R R 2
AR bric SR O B AR BL S, (EzfE B e e oM, IR Al VR e e nl Se i) D B 5 SR 7258 ¢ RN,
HeAft 2 AR A T 0E S

n K
Lg()cl = _% ZZ gij IOg (1 - 5]@)(331)) ’ (6)
i=1 j=1
Horp 5 NARRIEARCIAE 8 =1 —s; MUEE j DITE, HARIC 5 ¢ Si, W 555 = 1, BN 0. ZHLHDE TS0 H]HE %
bR ic  TIIAE 2, Wb T6 AR i AE TR 43 AT 0 o7 b, AT R fh) o (g B A 12 0 ) S 2 (3, A AL R [
I B 5 P P D 0 2 2 M 15 =kl DX sl ) e A B B o SR, AT I EL AR O XU SR 8OCR. 25 b, HEA 2
AAETT IR i e & Z AMARE U, S RTPTES 2 5 R IE A AR DeNo 58 BEAUA H A, JLAESS ¢ 2.
B E N
+ ALY (7)

excl?

L®=rl 4oLl

align intra

o A1 B Ay BEE L ALY BORE. R SR AR, Lag, SN TS Linga SRS
PRI T B Lexer FIRARBREARIC A HEM VR E— 20 9 A0 K e B8 7, AT S DR 1t QbR e v B 72, 7
EREBRENEE 1 P, EREERE, S8 6 FEAFBR P MA R, LR i 2 VR

BESEFE, £ 2 ZH MR b g G 2K E I S HEE S

E3% 1 DeNo HILIiFE

WIN: 2 ARiC B SE D, ARNRE T, BUEHT o M 8, IRALFEE A;
it BAIZ4 6,

1 REC () BB E T OhARid /3 p©);

2: fort:l@JTdo

30 MR (7) tFEAL KR 3RRE)LO);
4. WEBEN - ve LW,

5. MR (2) FHEDIRILHA p®);
6: MRS A EEHE S o,

7: end for

4 I

RATHF e — BRIV SEH R IR FTHE 7775 DeNo [ Rk, ASCRA MLL s F 1 TU KPP 4847 ranking
loss+ one error. coverage bl average precision SRVPAG AR S5 7 B 5 R b 71 E/Jféﬁg, PN FRAR I B ] 5%
SCHR (7). Her, average precision {E B R IVERERRIR, 105 3ER =SV R AR AR(E NIRRT iR B P
A B IHE T PyTorch 9 5B, JF4E NVIDIA RTX 3090 GPU Ligf7.

4.1 SCIRE

BURE SRS E. AR 3 AN ECSet A PML BdE&D A 11 AN MLL BdE 42 JF R sels, Hit
MaiHE B WE 1. K, i=A SRS H St PML R4, 8 kB ML AR bR L &2 A T

1) F#4%EHE: https://palm.seu.edu.cn/zhangml/.
2) F#HHEEE: https://mulan.sourceforge.net/datasets-mlc.html.
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F 1 SCIGHUEE BRHE.
Table 1 The details of datasets.

Dataset Examples Features Labels Domain
YeastCC 6139 6139 50 Biology
YeastBP 6139 6139 217 Biology

Music_style 6839 98 10 Music
scene 2407 294 6 Images
yeast 2417 103 14 Biology

bookmark 87856 2150 208 Text
delicious 16105 500 983 Text
Corell6k 11153 500 153 Images
tmc2007 28596 981 22 Text
rcvlsubsetl 5815 944 101 Text
rcvlsubset2 5252 944 101 Text
rcvlsubset3 5410 944 101 Text
rcvlsubset4 5761 944 101 Text
rcvlsubsetd 5532 944 101 Text

R P L SERRE. R A R PML 85 4E, ASCS IR [12,13], /£ MLL ZOR4E BiE ANBEHLIE RS, i 2
PML MsEE6 . BAKIN &, i armr 7 02180 (e, - aI gt 100 i MLL #E4E, R I
AR e B RT 15 A2, FE20 B 3 AR AR L IFE AR, BEJS, 7648 AT A AR R IR bR LA I, B LR
HIERbRi, B2 MBRIESE S oA L I B E B SIFRICEER 1 1%, N RGIREA ST IV AEAN A e
TR NI, A G M EO ] s iR IO AR A B e i, FBUE BB N {100, 150,200, 250}

SFEE T35k, NHE DeNo HIA &0, AR SCIEEL PML AH AT A HA B MRS 2B N et %, JFi%
HE B S i 7 B0t gk AT 4 A2, ARG R.

o PML Jyik: ASCESE =R PML J7ik/E AN, fpml J5ik M1, PARD J7¥% 131 il PASE J5ik (1,
fpml 75 VA — FRRFAE SX S0 (1) 7 5 7923, 88 Ik R AR AIE 2 ) A @ AR 1 (AR 485 ) DA A 3 o 1 P e 7 31
FHAE LR R AL 55 A0 ) AR AL DS . PARD J7 V2 T 36 1 ME 5 PR AR 3 i 20 1 4 e b 1 ) A B
IR SRR S B AE () LS hnic, AT SEBARIC T . PASE J7¥2 02 —Fh It T hric BR A0 1E W 807 32, @it a4
fig e AR 2% I ML (R AR IR 2 s 2% 1) R 220 i FE S MR X, JFAE I A AT R AR J2 T B I 5 250, AT <2 3L
Pric v B B AR IL IR .

o #MRILE2 2] (complementary label learning) 7772 ANFET PML HREAMEARN MARIERICE S, fEAMRIC
MRS, BAFEARR B — N EMRICE S, BIFEARETANE T BIAR R R & A SCR A P FR L2 (R e 2 2]
% GDF 75 Lpep 7792 B4 X BINERFEAR B AR IE bR i E MR AT IR, BARRE, Loor T2
BT Gao 55 B4 HEF BT e AP A5 TH 2%, MHESR 08 X (binary cross-entropy) H R HHTE IE, 8 H AEA21E H
TAMRIETE IR, SR, WA R AL 1 L 2 SR EETC A, GDF 732 W id i A P A0 49 0% bR 0k f i
— I, AT i R I SR R rh A

e MLL J5%: CCMN J5i% H61 & — ANl Fl (1 2 bric e 75 2 STRE R, Ref8 70 28 S 1 M 75l 8 I 0k 22 gl s 2%
RUHT R — @S B 2] 2 ik I B A M P R R R B R 1 1 L S 5 bR e 2 (B BB DR R I
Fq N 7 AR I R 5 2 AR VNSRS, DU R MR 22 bR i Mg 7 27 2 i .

SHIE. Xﬁ?%%ﬁ%]ﬂ?@ﬁ’]ﬁ/ﬁ, AR 2 4 A 5 22 2 IR (multi-layer perceptron, MLP)
YE Ry eds. Hoh, MLP RH d-512-K 45#, B)JZ 570808 512, dropout 0.2, FRIEMZER AN, 253288
5 MLP B H AR R B IR — B A SCRHBEVIESE TP (stochastic gradient descent, SGD) 1E AL, ZhE
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#%& 2 DeNo #B&E®E.
Table 2 The hyper-parameters of DeNo.

Dataset « B
YeastCC 0.1 1
YeastBP 10 0.3

Music_style 0.8 0.8
scene 10 2
bookmark 2 2
tmc2007 10 10
delicious 10 5
yeast 10 10
Corell6k 5 5
rcvlsubsetl 0.3 0.8
rcvlsubset2 2 0.8
rcvlsubset3 2 1
rcvlsubset4 2 2
rcvlsubsetb 2 5

BN 0.9, WEHLRKNA 256, VZREARIRECH 200. BT S 4 AR FE 0N 1073, 2 o) AR s 4245
PEM {1073,5 x 1072,1072, 10~} A, FH4a 8Ok [34) MO ELESE 100 355 150 #0507 P& 2 JFE KK 10%.
BRIy J71H, EERENLER 10% PIFEARVENEAESER TR SHOER, 24 00% ML 9:1 LG FE R4
NGRS MREE, 75 HTER NGRS MRS, Jodh, IR R S AR, M40 F 55 5 g Al sk
Frig. X TR EREE BRI 10 1k, H4H 10 Hb K T4 R, LIRS RS it & LT Rs it
XFF AR R A BT R T o 1 3, I RIEHE BB E N {0.1,0.3,0.5,0.8,1,2, 5, 10}, &I H AR ZE
& 2 Fio.

4.2 EHHERS5HH

BRSLIGEER A, 3R 3 1L T M REAAE 3 A St F PML #dE 5 FSRIRSE AL, 8 4 F1 5 435
el TELRPERR AR N 7 R4 T, 11 DNEUEEAEA FRIEAR IC 8 LU T, % J7757E ranking loss Al average
precision WIHEHR_E IR (one error A coverage (M4 R VE MR A). 3 6 V& T ERENME/KF 0.05 T, DeNo
58X TTEAE VY AN T b BRS¢ Aer <k /o7 /40 Geitisi.

MFE 3 sie 45 BT LA Y, DeNo ZEAFIVE Fabr FI R I A2 2 ERE: 7E one error $8Fr _FHUS H ik
L AR 45 R, 1E coverage Ml ranking loss Zfabr L HEARIL T GDF Al Lpcr /712, [FIBTTE average precision ¥§
b EORFERA TS IR, RS R, £ B w2 ARCHHE 2041 T, DeNo 15 BEMS AT | e 5 - IOk
FFRUF Rz AetERE. ik 4 A1 5 45 R e DI85, DeNo E44 K 2 BO8ia 4 50 i ¥ B N EUE T B30 A
ARSI E R RE R I, 1245 A/ I0IE T A SCHR I A S R« HEfL I 20 R DL R R B0 5515 578 B A
FEIREE N WA 0, AR B B AR T MR g e AR A HPIB AR I L AAR L. R I EE RUA ranking loss 4 average
precision W‘j/[\%"]‘/%@ﬂ:ﬁ\*ﬁ, FEEER 6 BGTTHEE X DeNo BIEEARME: e R IBEAT TGN 5118,

%6, £ ranking loss 845 [, DeNo 7EHTH ##i 4 EIAFRAL BT P mALEE K. XYW DeNo i@ 5 H
AP PRIC I A LEAG I BRI PN EB s AL i TR R FRic, REREA R e A ARl R O HE e 25 M IR . B (it 4
HERE LB 4% M 100% 32T+ 250%, fpml. PASE. GDF. CCMN %5 771 A% Hi LB SR Ak, 1fi DeNo 7E K
SRS T RE T PRI BERL/S, I B R R A . R R AE R A LR ABI D 200/250 (%) B, DeNo (1)
ranking loss 45 R TT I EIFEAR 20%~40%, 158 B 51N 73 A 86t L] 5 HE A 12 20 R BE A% A7 R0 48 1k 7 =3 1
R R ORFFRSOE I R 7). X L7 BRI LT PARD J79%AHEE, DeNo ) average precision “F-¥J4& T
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* 3 EZXF PML HEELEAMOXRBMINER (HME + EE). FMERMERT, Hb o/o NARREMI t
018 (BZMKT 0.05) T, DeNo BEMT /L TFAIRM LA %

Table 3 Results (mean =+ std) on the real-world PML datasets with the linear classification model. The best performance is highlighted
in boldface, where /o indicates whether DeNo is superior/inferior to baselines with pairwise t-test (at the 0.05 significance level).

Dataset fpml PARD PASE GDF LBCE CCMN DeNo

One error |
YeastCC 0.943+0.030e  0.791£0.025 0.779+0.021 0.958+0.010e  0.96240.009¢  0.936+£0.027e¢  0.7741+0.014
YeastBP 0.9244+0.054e  0.751£0.023e  0.717+0.017  0.958+0.006e  0.962+0.009e¢  0.950+0.017e 0.740+0.030
Music_style  0.457+0.164e  0.373%+0.034e 0.333+0.006e 0.934+0.010e  0.9344+0.010e  0.923+0.006e  0.309+0.012

Coverage |

YeastCC 0.495+0.185e 0.11340.017 0.084+0.018 0.300+£0.060e  0.305+0.057e  0.284+0.044e 0.11340.007
YeastBP 0.251+0.105e¢  0.3351+0.016e¢  0.246+0.0080 0.684+0.073e  0.696£0.070e  0.693+0.066e 0.299+0.012
Music_style  0.379£0.019e¢  0.265%+0.017e 0.195+0.008 0.700£0.011e  0.700+0.011e  0.633+0.011e 0.21440.014

Ranking loss |
YeastCC 0.49940.054e  0.18740.014e  0.1434+0.020  0.462+0.015e¢  0.477+0.006e  0.43610.037e 0.1714+0.016
YeastBP 0.483+0.080e  0.236+0.013¢  0.187+0.006  0.477+0.005e  0.494+0.010e  0.485+0.006e 0.205+0.007
Music_style  0.308+£0.021e  0.1984+0.018e¢  0.133+0.006  0.664+0.003e¢  0.664+0.003e  0.622+0.009e 0.1424-0.012

Average precision 1
YeastCC 0.295+0.012e¢  0.5324+0.026e  0.587+0.012  0.14940.015¢  0.142:£0.008e¢  0.189+0.032e 0.563+0.022
YeastBP 0.179+0.037e¢  0.3041+0.018¢  0.372+0.011c 0.068+0.004e  0.065+0.004e¢  0.071+0.004e 0.335+0.019
Music_style  0.589+0.066e  0.698+0.021e  0.748+0.0040 0.25940.004e  0.259£0.004e¢  0.264+0.005e 0.707+0.009

3%~8%. [FIIF, FifiZ5 M A5 LU 3 K, DeNo FTHERE N FEMRFE W35 /N T GDF, Xt — BRI 1 & b LD hsid 0 A 1
FeoE B, LLRCTJ7 40 2R 2t SR (1) 13 o S AL R 8 4 s g 75 R AL

AN, DeNo 7E ranking loss 5 average precision PPN EFr_FA5E I fpml 5 PARD, 1 BH 3 T Fil i 5 4
BLH) PML 55 A2 75 N AR [ H R, 110 DeNo J it 25 A Huth 5 B 587k 2 2 e SR s 8 8 58 A Rt s i
FridiH L. 5 GDF Ml Lpcr AHLEL, DeNo fE revl RAVEHRE FEUS 1 BN R RS, R HAEM: B A5
FR AR bR SR & R, B EE T AR SO AR I A TSR, B S, AR 6 1) <S4 IR A AR
&, DeNo TEWUNMERR ERRT ¢ M50 3E3R1T 1055 IR, (A 7 IR, 7870 J87R 1 A ST iR T EAEAN [F) g 7
ACEREE > A N AR EE S — 8. 25 1, DeNo 2 FrARBSSTE) 12 HISLIR W B NMae i T3 1%, 144
FEE RO MG (W (R FH: Ascide 85 N BB IR 20 A SR vh 5 . HEA I S7FR 1045 B2 88 DL AR S0t 5 i A E Ak
55, IXLEBLTH 3L A CRASE 2 BE A% £ 1= e 75 2 A N IR AR HERA FO AR I AR RE ) S AR Z AL M .

JHERSEIE. NUSUE DeNo HEZEH &A% O ARG UME, ASCAEREFS LUGI N 200% HIBCE TR T fhsk
5. @I XTAESE AR O AT IR S A, I 7 MURALARA, H 556 DeNo HEZL (B —1T) HEATXY
bb. FESRYGH, v RN ZIRAS R B LA HeA, Lajgn w/o p FoRIZBURINE R 7 £ O FRIC 0 A, BEit
Latign = = >y Zle(6§t) (z;) — si5)%. WK 7 7], AR AR R SRR T 1%, HIRMLEBLEANFTEIR
SRR 2 (B 2, Ui DeNo (1) =ANBLEELAT B 2 16 BN FAS T B AR

A E, UREHMBL R Low B, PERERZE TR, RUMUHOBIAE B IR ICHRAER HE RS B IEEA &L
KA PML 7] R A LR B A ide AR HP LSRR Linera I, REAE scene S5H870 a6 EADORFE — M RE, 1HAE
delicious~ Corell6k 258 2245 FIBALIH I, i BB = A0 A %) Bl 4 R & S 8 g A e . T TR E &
AR FEI Latign WIRCAS, PERERE— N 1%, F B BRARMG I A1 0] 55 027 LR e 75 4 1. 6 TR R I I R i H &
HAERAIRE S T BB, > L. SHISSESEFRICIHEF S S0 Lo, & FEMAGTRERS); Bl
Lt WIBEARAT TE AR I LY T, A5 HL 50 S Bl B i sy, AT 52 i AR RO R . A IR B = I AR AE 22 B AR rh DA
A RCAS BT Z A R S B AR, AR DY TR bR BRI YERE IS A B IR, R AR th O AL 20 A a2
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% 4 T ranking loss FMEARESM S AER FHSRER (WA £ FEE). BRERMERT, HHHES o/o S
RIERRT ¢ # (2EMAKT 0.05) T, DeNo BEMHT /4 TR %.

Table 4 Experimental results on ranking loss (mean =+ std) with the linear classification model. The best performance for each dataset
is shown in boldface, where /o indicates whether DeNo is superior/inferior to baselines with pairwise t-test (at the 0.05 significance

level).

Dataset 7% fpml PARD PASE GDF LBCE CCMN DeNo
100 0.47140.036e 0.099+0.009¢ 0.118+0.034e 0.139+0.016e 0.174+0.018¢ 0.412+0.034e 0.083-+0.011
150  0.474+0.031e 0.102+0.013e  0.116:0.018e  0.1420.009 0.1710.011e 0.404:0.038 0.083+0.010
SCERC 900 0.47140.036e  0.09940.011e  0.11840.034e  0.139£0.016e  0.174-:0.016e  0.412::0.034e  0.083+0.011
250 0.485+0.0308 0.123+0.034e 0.148+0.014e  0.14540.012¢ 0.189+0.007e 0.433+0.015¢ 0.091+0.008
100 0.21240.010e 0.269+0.035e 0.221-40.006e 0.224+0.014e 0.291+0.018e 0.224+0.013 0.189+0.012
st 150 0.21840.011e 0.287+0.064e 0.225+0.010s 0.220+0.013e 0.274+0.016e 0.234+0.016 0.199-0.014
200 0.225+0.128¢  0.308£0.043s  0.219+0.004  0.224+0.014e 0.29140.018e 0.242+0.014e 0.204+0.014
250 0.356+0.022¢  0.31240.033  0.276+0.039 0.320+0.018¢ 0.447+0.018¢  0.298-0.018  0.309+0.017
100 0.403£0.009¢ 0.123+0.048¢  0.112:£0.004e  0.194+0.00de 0.274+0.017e 0.192+0.004e 0.094+0.005
oy 150 0.396:+0.009  0.12040.010e  0.115£0.004e  0.196:0.010s 0.275:0.016e 0.214+0.012  0.095:-0.009
200 0.40140.0108  0.124+0.013e  0.11240.004e  0.194+0.008¢ 0.274+0.014e 0.19140.013s 0.094+0.008
250 0.39140.012¢ 0.148+0.014e 0.081+0.008 0.196+0.009¢ 0.266-0.015 0.249-+0.016e  0.097+0.005
100 0.38140.010e 0.27340.012e 0.28140.009¢ 0.299+0.011e 0.351+0.016e 0.424+0.011e 0.260-0.034
g, 150 039440.01le  0.303£0014e 0.306£0.007s 0.322£0.009 0.3870.015e 0.423+0.0126 0.276+0.020
200 0.41140.012e 0.33540.013e  0.327+0.008¢  0.344-0.010e  0.403-+0.014e  0.443+0.011e 0.296+0.010
250 0.42140.013s  0.325+0.012e  0.3440.006e  0.340+0.012e  0.406-0.016e 0.454-0.013s 0.310+0.012
100 0.31040.061e 0.253+0.007e 0.269+0.012e 0.312+0.011e 0.410+0.015e 0.354+0.013¢ 0.234-+0.011
Coneltge 150 0307E0.01le 027100156 0.283+0.066e 0312£0.012 0.410£0.014e 0.367£0.0126 0.230+0.012
200 0.3084£0.012¢ 0.286+£0.013e  0.293+0.007e  0.313+0.011e 0.401+0.015e 0.382+0.014e 0.247+0.011
250 0.306+0.013e 0.342+0.012¢  0.205+0.006e  0.309-+0.013e  0.407-+0.016e 0.376-0.013e 0.247+0.013
100 0.18310.009¢  0.059+0.010  0.06240.012  0.142+0.008¢ 0.288+0.014e 0.138+0.011e 0.059-0.009
iooppy 190 0.1830.010e  0.065:£0011  0.0670.004 0.137+£0.009e 0.2570.013¢ 0.140£0.012¢ 0.059£0.010
200 0.183+0.011e  0.07540.012  0.08040.007  0.143+0.010e 0.29240.012¢ 0.138+0.013¢ 0.068+0.010
250 0.185:40.012¢  0.077+0.013  0.083+0.001  0.137+0.01le 0.289+0.014e 0.139+0.014e 0.068+0.011
100 0.37540.007e 0.21740.009¢ 0.168+£0.012¢ 0.248+0.0080 0.354+0.011e 0.219+0.010s 0.090+0.007
iuberp 150 0375£0.008e  0.095:0.010 0220200026 0.264£0.009 0.351£0.012 0.262+0.01le 0.083£0.008
200 0.368+0.009 0.253+0.034e  0.27240.057e  0.28140.084e  0.344+0.038¢ 0.153+0.0150 0.084:0.023
250 0.374+0.013e 0.275+0.024e 0.265+0.012e  0.275+0.033¢ 0.351+0.045e 0.232+0.055¢ 0.108+0.010
100 0.32940.003¢ 0.196+0.010e 0.177+0.012e 0.248+0.009¢ 0.351+0.012¢ 0.185+0.01le 0.077+0.008
lubeaty 150 0:333:0.009  0.094+0.011  0.200£0.007s 0.235£0.010s 0.340£0.013¢ 0.180+0.0126 0.086::0.009
200 0.32440.003s 0.254--0.044e  0.227+0.046e  0.269+0.089e 0.374+0.039e 0.167+0.034e 0.08440.003
250 0.32940.011e  0.22940.030s  0.250+0.055e  0.258+0.024e  0.366+0.033e  0.198+0.046e 0.085-0.034
100 0.333+£0.023e 0.19940.009¢  0.206:0.027e  0.292+0.100 0.362£0.049 0.198£0.005¢ 0.085+0.009
vieubags 190 0:3350.0230 0.008£0.009 0215£0.03le 0.285:0.048¢ 0.372+£0.014e 0.1S1£0.013¢  0.076:0.010
200 0.337+0.054e 0.237+0.064e 0.21640.091e  0.259--0.030e  0.370--0.028¢  0.194--0.042¢ 0.113+0.031
250  0.3314£0.039e  0.268-0.074e  0.250-0.040s  0.262+0.064e 0.371+0.024e  0.189+0.055e 0.10140.012
100 0.31940.009¢ 0.167+0.011e 0.164+0.012e 0.27140.010s 0.36140.013¢ 0.208+0.012¢ 0.091-0.009
by 150 030540.010e  0.087£0.012  0.202£0.0126 0285£0.01le 0.355:0.014e 0.189+0.013¢ 0.092£0.010
200 0.336+0.011e 0.237+0.028¢ 0.216+0.034e  0.259+0.017e 0.370+0.015e 0.19540.029¢ 0.091+0.022
250 0.306+0.037e 0.2224+0.030e 0.1794+0.012e  0.250+0.018¢  0.340+0.029¢  0.18140.027e 0.123+0.027
100 0.30540.010e 0.185+0.012¢  0.189+0.012e 0.240+0.01le 0.366+0.014e 0.246+0.013 0.088+0.010
o ieubgs 150 0208£0.020e  0.093£0.005 0.170£0.039 0.246£0.0326 0.350£0.032e 0.2170.037e 0.088£0.009
200 0.30440.012e 0.207+0.033e  0.21740.038¢  0.244-+0.017e  0.336+0.057e 0.217-+0.041e 0.100+0.012
250 0.286+0.013e 0.192+0.021e  0.2174+0.020e  0.255+0.028¢  0.357-+0.040e  0.214+0.523e 0.105+0.013

XML AL . BAAORT, SEBEIN) DeNo HEZLAE 2 AR DU IUE AR L 4 MU e AR B, R A 0 A £ rh o
LM FFEXT ST HAR LR =& B F], DeNo SEHL T X AR 1A RG] LA B FCSehmic iR e IR ).
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% 5 X T average precision TENIEIREL M LIER FHIWER (E + REE). RMERMERT, HPFHFS o/0
SRIERIERA ¢ B (EZHKTE 0.05) T, DeNo BEMT /LTRSS E.
Table 5 Experimental results on average precision (mean + std) with the linear classification model. The best performance for

each dataset is shown in boldface, where /o indicates whether DeNo is superior/inferior to baselines with pairwise t-test (at the 0.05
significance level).

Dataset

%

fpml

PARD

PASE

GDF

LBCE

CCMN

DeNo

scene

100
150
200
250

0.438+0.023e
0.4371+0.018e
0.438+0.023e
0.429+0.023e

0.833+0.015e
0.826+0.022e
0.832+0.017e
0.79940.010e

0.82240.027e
0.81540.013e
0.82240.003e
0.77840.028e

0.778+0.019e
0.774%0.011e
0.777+£0.022e
0.77440.018e

0.735+0.018e
0.7344+0.010e
0.7351+0.018e
0.72140.012e

0.503+0.020e
0.505+0.021e
0.503+0.020e
0.496+0.015e

0.856+0.019
0.856+0.018
0.856+0.019
0.841+0.013

yeast

100
150
200
250

0.704+0.020e
0.702+0.020e
0.686+0.017e
0.529+0.016e

0.68940.021e

0.677+0.044e

0.661+0.032e
0.633+0.0350

0.698+0.009e
0.696+0.076e
0.696+0.009e
0.637+0.039e

0.70540.019e
0.71540.020e
0.705+0.019e
0.555+0.018e

0.6231+0.017e
0.651+0.016e
0.623+0.017e
0.467+0.017e

0.69940.018e
0.696+0.022e
0.68510.020e
0.61440.0230

0.743+0.017

0.733+0.017

0.721£0.014
0.5744+0.014

bookmark

100
150
200
250

0.334+0.008e
0.336+0.008e
0.335+0.007e
0.34140.009e

0.72540.006
0.71840.006e
0.72440.006e
0.698+0.007e

0.73940.003e
0.738+0.055e
0.73940.004e
0.71340.006e

0.62140.005e
0.61740.006e
0.62140.005e
0.618+0.005e

0.5144+0.012e
0.51040.006e
0.514+0.012e
0.52740.009e

0.606+0.010e
0.56240.029e
0.606+0.010e
0.527+0.014e

0.764+0.007
0.764+0.008
0.764+0.007
0.760£0.008

delicious

100
150
200
250

0.499+0.007e
0.48740.009e
0.469+0.007e
0.462+0.010e

0.621+0.007e
0.59940.012e
0.563+0.018e
0.4631+0.013e

0.609+0.012e
0.58440.003e
0.558+0.007e
0.54340.010e

0.589+0.004e
0.56740.005e
0.55140.008e
0.556+0.008e

0.533+0.005e
0.498+0.003e
0.486+0.005e
0.486+0.007e

0.47440.009e
0.476+0.052e
0.45940.009e
0.45240.004e

0.633+0.004
0.616+0.004
0.596+0.004
0.582+0.004

Corell6k

100
150
200
250

0.422+0.055e
0.42540.055e
0.42440.054e
0.42740.057e

0.503+0.009
0.492+0.008
0.47240.012e
0.557+0.0110

0.46540.019e
0.46010.058e
0.443+0.016e
0.42940.006e

0.4271+0.041e
0.4271+0.041e
0.43040.032e
0.43540.045e

0.338+0.021e
0.338+0.020e
0.344+0.012e
0.3371+0.015e

0.39740.023e
0.393+0.016e
0.387+0.025e
0.377+0.033e

0.516+0.037
0.514+0.035
0.506+0.040
0.505+0.036

tmc2007

100
150
200
250

0.557+0.071e
0.557£0.071e
0.557+0.071e
0.556+0.070e

0.79940.003
0.79240.004
0.780+0.004
0.77440.003

0.79140.020
0.792+0.007
0.774+£0.003
0.77240.003

0.667+0.067e
0.671+0.068e
0.6611+0.064e
0.673+0.069e

0.388+0.023e
0.385+0.020e
0.384+£0.019e
0.386+0.022e

0.626+0.077e
0.62440.075e
0.62240.074e
0.624+0.075e

0.800£0.055
0.798+0.056
0.788+0.054
0.786+0.051

rcvlsubsetl

100
150
200
250

0.2774+0.0240
0.2914+0.018e
0.294+0.031e
0.300+£0.022e

0.589+0.020e
0.701+0.014e
0.537+0.0260
0.526+0.017e

0.58240.003e
0.517£0.053e
0.4584+0.078e
0.469+0.003e

0.483+0.0250
0.48440.067e
0.440+0.023e
0.449+0.0560

0.388+0.041e
0.375+0.041e
0.393+0.051e
0.379+£0.043e

0.559+0.081e
0.543+0.068e
0.56840.027e
0.57440.030e

0.774£0.068
0.783+0.046
0.785+0.038
0.795+0.029

rcvlsubset2

100
150
200
250

0.339+0.021e
0.3324+0.015e
0.368+0.0560
0.346+0.032e

0.624+0.033e
0.718+0.018e
0.565+0.017e
0.568+0.030e

0.600+0.035e
0.57140.061e
0.540+0.061e
0.51540.065e

0.47140.023e
0.502+0.015e
0.468+0.093e
0.47040.031e

0.377+£0.016e
0.39440.048e
0.359+0.025e
0.370+0.037e

0.629+0.033e
0.626+0.029e
0.630+0.058e
0.58310.056e

0.789+0.068
0.777+£0.076
0.815+0.058
0.818+0.055

rcvlsubset3

100
150
200
250

0.339+0.065e
0.314+£0.033e
0.353+0.084e
0.363+0.086e

0.61140.048e
0.709+0.016e
0.559+0.037e
0.543+0.048e

0.56510.032e
0.5484+0.054e
0.55140.026e
0.49740.043e

0.42540.018e
0.455+0.096e
0.464+0.076e
0.46740.058e

0.365+0.014e
0.359+0.027e
0.35440.023e
0.359+0.012e

0.62040.037e
0.6131+0.034e
0.579+0.065e
0.607+0.065e

0.769+0.103
0.808+0.064
0.782+0.059
0.778+0.063

rcvlsubset4

100
150
200
250

0.340+0.038e
0.359+£0.039e
0.373£0.057e
0.387+0.074e

0.680+0.025e
0.75240.018

0.634+0.016e

0.617+0.027e

0.646+0.007e
0.57940.038e
0.53940.069e
0.61540.045e

0.49940.086e
0.47440.077e
0.489+0.043e
0.489+0.043e

0.368+0.030e
0.372+0.028e
0.382+0.014e
0.382+0.014e

0.615+0.056e
0.6131+0.031e
0.61140.031e
0.61540.037e

0.770+0.086
0.770+0.077
0.781+0.064
0.772£0.072

rcvlsubsetb

100
150
200
250

0.384+0.0240
0.394+0.0260
0.391+0.024e
0.409+0.037e

0.644+0.030e
0.73040.013e
0.60410.019e
0.614+0.016e

0.57940.024e
0.61940.054e
0.53140.075e
0.55510.054e

0.494+0.038e
0.471+0.051e
0.54010.062e
0.520+0.079e

0.36910.033e
0.384+0.054e
0.398+0.078e
0.379+£0.055e

0.58440.061e
0.595+0.044e
0.57140.054e
0.577+0.068e

0.777+£0.022
0.777+0.024
0.782+0.033
0.7744+0.033
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Table 6 The statistics of win/tie/lose in the linear classification model.

DeNo vs. fpml PARD PASE GDF LBCE CCMN Total
One error 44/3/0 43/4/0 42/4/1 45/2/0 47/0/0 43/4/0 264/17/1
Coverage 45/2/0 38/9/0 39/7/1 47/0/0 47/0/0 47/0/0 263/18/1
Ranking loss 47/0/0 38/9/0 38/9/0 47/0/0 47/0/0 46/1/0 263/19/0
Average precision 47/0/0 38/7/2 40/5/2 47/0/0 47/0/0 46/0/1 265/12/5
Total 183/5/0 157/29/2 159/25/4 186/2/0 188/0/0 182/5/1 1055/66/7
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Figure 2 (Color online) Validation performance under different hyperparameter settings of o and 8 at a noise ratio of v = 200 (%).
The darker the color, the larger the value.
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Table 7 The experimental results (mean =+ std) of ablation studies with v =200 (%) on the linear classification model. The best performance for each dataset is shown in boldface.

Lexel  Lintra  Lalign  Lalign W/° P scene yeast bookmark delicious Corel16k tme2007 revisubsetl revisubset2 revlsubset3 revlsubsetd revisubsets
Ranking loss |

0.441+0.019 0.217+0.014 0.207£0.004 0.353£0.006 0.306+0.038 0.1954+0.048 0.254+0.019 0.270+0.016 0.287+0.054 0.243+0.040 0.227+0.050
0.089+0.010 0.236+0.014 0.094+0.004 0.33240.004 0.249+0.039 0.078+0.024 0.094+0.014 0.090£0.030 0.097+0.028 0.1134+0.017 0.116+0.009
0.103£0.011 0.23940.013 0.13240.006 0.329+40.006 0.261£0.021 0.082+0.027 0.16140.024 0.140£0.035 0.157+0.029 0.12240.025 0.1234+0.014
0.126+£0.014 0.2184+0.014 0.30040.008 0.362£0.005 0.31240.039 0.325+0.026 0.246+0.016 0.263£0.019 0.260+0.049 0.258+0.067 0.26240.090
v 0.100+£0.010 0.205+0.015 0.094+40.005 0.31440.006 0.249+40.022 0.076+0.021 0.094+0.024 0.095+0.032 0.1004£0.030 0.109+0.024 0.10540.013
v 0.092+0.011 0.234+0.014 0.094+£0.005 0.307£0.004 0.249+0.027 0.0794+0.020 0.085+0.024 0.086+0.033 0.091+0.030 0.11040.024 0.102+0.013
v 's 0.091+0.011 0.235+0.014 0.094+£0.005 0.312+0.005 0.249+0.028 0.0724+0.025 0.085+0.024 0.088+0.035 0.091+0.030 0.107£0.025 0.103+0.014
v 0.083+0.011 0.204+0.014 0.094+£0.005 0.296+0.004 0.247+0.023 0.067+0.024 0.0841+0.024 0.085+0.033 0.091+0.031 0.101+0.023 0.100+0.013

One error |
B 0.765+0.016 0.254+0.025 0.495+0.010 0.486+0.013 0.684+0.051 0.3894+0.107 0.658+0.080 0.612+0.042 0.678+0.066 0.621+0.210 0.55240.205
v 0.250£0.033 0.416+0.036 0.32440.007 0.459+0.007 0.627+£0.073 0.238+0.095 0.27440.055 0.207£0.112 0.276+0.116 0.26340.075 0.241+40.075
w_ﬂ_” 0.300£0.033 0.5224+0.027 0.44640.010 0.469+0.017 0.643+0.062 0.3234+0.086 0.75440.070 0.603£0.070 0.621+0.099 0.5154+0.093 0.551+0.066
.m—w. 0.353+£0.018 0.2504+0.026 0.6574+0.009 0.540£0.010 0.700£0.050 0.7404+0.042 0.639+0.044 0.629+0.086 0.646+0.081 0.608+0.212 0.563+0.183
E v v 0.250£0.033 0.348+0.022 0.32440.010 0.4374£0.010 0.629+0.060 0.23240.082 0.26940.062 0.192+0.065 0.2704£0.102 0.26040.083 0.242+40.068
A v v 0.244+0.032 0.465+0.060 0.3234+0.010 0.432+0.013 0.625+0.060 0.236+0.081 0.269+£0.063 0.189+0.066 0.272+0.111 0.260£0.090 0.246+0.070
ms_nd_.._ﬁ v v 's 0.246+0.032 0.376+0.033 0.323£0.010 0.443+0.006 0.624+0.061 0.231+0.081 0.269+0.062 0.191+0.066 0.270+0.099 0.262£0.079 0.237+0.072
we v v v 0.237+0.031 0.258+0.029 0.314+0.010 0.427+0.012 0.617+0.061 0.222+0.081 0.2591+0.062 0.190+£0.068 0.264+0.100 0.255+0.083 0.236+0.071

.ml Coverage |
0.381+0.016 0.533+0.025 0.231£0.005 0.619+0.007 0.409+£0.037 0.3394+0.020 0.335+0.026 0.363+0.032 0.366+0.030 0.310£0.015 0.308+0.066
M_._ﬁ. v 0.091£0.009 0.511+£0.024 0.11940.004 0.601£0.005 0.356+£0.035 0.168+0.009 0.168+0.026 0.189+£0.050 0.180+0.047 0.1654+0.037 0.198+0.024
._u“u_A 0.101£0.010 0.496+0.034 0.15440.005 0.588+0.006 0.364+0.028 0.17240.015 0.24140.020 0.218+0.054 0.232+40.042 0.18240.042 0.19940.021
.__”__M 0.120£0.011 0.53240.023 0.31840.008 0.627+0.005 0.4134£0.040 0.465+0.010 0.32240.028 0.350£0.016 0.34240.026 0.32440.036 0.33940.104
v 0.091+£0.009 0.496+0.028 0.11840.005 0.585+0.010 0.356+0.026 0.1674+0.013 0.15740.021 0.183+£0.050 0.1714£0.043 0.17140.043 0.187£0.022
v 0.094+0.010 0.504+0.030 0.11840.005 0.582+0.008 0.355+0.030 0.162+0.016 0.15940.020 0.174+0.051 0.173£0.043 0.173£0.040 0.183+0.025
v v 0.093+0.010 0.530+0.029 0.117£0.005 0.585+0.008 0.354+0.034 0.166+0.013 0.159+0.020 0.176+0.052 0.165+0.044 0.169£0.045 0.185+0.027
v 0.085+0.009 0.491+0.028 0.117+£0.005 0.575+0.006 0.353+0.027 0.159+0.022 0.157£0.021 0.174+£0.051 0.163+0.044 0.164+0.039 0.181+0.024

Average precision 1

0.469+0.013 0.708+0.019 0.603+0.007 0.544+0.007 0.444+0.039 0.5824+0.073 0.480+0.032 0.496+0.014 0.463+0.051 0.505+0.099 0.550+0.126
v 0.837+£0.019 0.658+0.011 0.754£0.008 0.565+0.004 0.504+0.041 0.78440.057 0.782+0.043 0.803+0.061 0.767+0.055 0.765+0.070 0.764+0.033
0.820£0.019 0.644+0.012 0.67440.006 0.563+0.003 0.489+0.053 0.730+0.066 0.53040.022 0.613£0.066 0.585+0.067 0.65440.049 0.645+0.034
0.787+0.014 0.708+0.020 0.47240.007 0.520£0.006 0.43440.037 0.356+0.031 0.488+0.015 0.489+0.042 0.489+0.062 0.49940.120 0.52540.141
v 0.847+0.019 0.71940.016 0.76440.007 0.57940.005 0.505+0.040 0.786+0.055 0.785+0.038 0.805+0.056 0.7804+0.058 0.779+0.064 0.77540.032
v 0.848+0.020 0.657+0.011 0.764£0.008 0.585+0.004 0.505+0.040 0.784+0.053 0.784+40.039 0.805+0.058 0.77940.060 0.779£0.067 0.774+0.033
v v 0.808+0.019 0.667+0.012 0.754£0.008 0.576+£0.003 0.505+0.041 0.786+0.054 0.784+0.039 0.802£0.060 0.766+0.060 0.770£0.064 0.773£0.035
's 0.856+0.019 0.721+0.014 0.764+0.007 0.596+0.004 0.506+0.040 0.788+0.054 0.78510.038 0.815+0.058 0.782+0.059 0.781+0.064 0.7821+0.032
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Figure 3 (Color online) Noise suppression performance of different methods under varying noise ratios v (the linear classification
model). For (a), the ground-truth label set is {2} and the candidate label set is {2,4}; for (b), the ground-truth label set is {3} and
the candidate label set is {3,4,5}.

* 8 FEMRFAEELH] v = 200 (%), LALLM LRBMITITEE (s).

Table 8 The experimental results of ablation studies with noise rate v = 200(%) on the linear classification model.

Dataset PARD PASE GDF LBCE CCMN DeNo
YeastCC 90.86 209.09 0.03 43.14 0.00 53.15
YeastBP 145.35 341.05 0.01 74.34 0.00 93.27
Music_style 65.58 75.95 0.05 22.49 0.00 34.83
scene 29.57 116.88 24.69 21.12 21.28 20.62
yeast 20.16 64.27 26.14 21.35 21.39 18.53
bookmark 393.78 1879.79 99.80 100.61 114.42 123.08
delicious 151.04 718.51 43.61 43.27 49.26 54.70
Corell6k 113.43 643.65 39.15 33.47 34.50 48.60
tmc2007 489.04 1532.67 73.31 69.34 88.22 91.91
rcvlsubsetl 58.00 323.22 31.38 32.39 31.42 36.83
rcvlsubset2 54.17 277.31 28.65 28.79 29.65 33.32
rcvlsubset3 55.02 400.93 28.85 32.81 30.17 35.98
rcvlsubset4 59.36 406.52 29.39 31.76 30.51 34.39
rcvlsubseth 54.60 308.62 27.04 26.97 31.60 35.39
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Table 9 The results (mean + std) using MLP classification model with noise rate v = 100 (%). The best performance for each dataset
is shown in boldface, where /o indicates whether DeNo is superior/inferior to baselines with pairwise t-test (at the 0.05 significance

level).

Dataset

GDF

LBCE

CCMN

DeNo

GDF

LBCE

CCMN

DeNo

One error |

Coverage |

scene
yeast
bookmark
delicious
Corell6k
tmc2007
rcvlsubsetl
rcvlsubset2
rcvlsubset3
rcvlsubset4

rcvlsubseth

0.35510.0260
0.24340.012
0.5261+0.011e
0.42240.012
0.75510.0450
0.382+0.126e
0.74240.032e
0.79240.064e
0.72440.051e
0.780+0.037e
0.773+0.028e

0.3431+0.035e
0.24440.009
0.48510.006e
0.424+0.020
0.713+£0.033
0.3731+0.125e
0.83240.025e
0.80840.041e
0.810+0.012e
0.8131+0.031e
0.84510.042e

0.708+0.063e
0.246+0.014e
0.711+£0.048e
0.833+0.004e
0.5571+0.010e
0.620+0.071e
0.51440.069e
0.554+0.078e
0.54440.049e¢
0.560+0.039e
0.480£0.1200

0.262+0.028
0.234+0.052
0.385+0.008
0.418+0.014
0.703+0.032
0.327+0.018
0.459+0.022
0.412+0.037
0.410£0.033
0.419+0.045
0.613+0.058

0.128+0.011e
0.530+0.016e
0.230+£0.003e
0.595+0.009e
0.415+0.056e
0.260+£0.020
0.44240.004e
0.431+0.057e
0.436+0.028e
0.452+0.022e
0.38240.029e

0.12440.007e
0.52440.011e
0.21440.007e
0.59440.009e

0.410+0.056

0.261+0.015
0.446+0.010e
0.47510.040e
0.4731+0.019e
0.468+0.020e
0.407+0.024e

0.385+0.005e
0.5541+0.057e
0.410+£0.039e
0.397+£0.008e
0.701+£0.026e
0.393+£0.058e
0.414+£0.028e
0.384+£0.049e
0.358+0.025e
0.353£0.031e
0.4284+0.020e

0.099+0.006
0.524+0.020
0.167+0.007
0.504+0.011
0.402+0.031
0.260+0.011
0.179+0.016
0.212+0.025
0.233+0.012
0.240+0.027
0.348+0.025

Ranking loss |

Average precision 1

scene
yeast
bookmark
delicious
Corell6k
tmc2007
rcvlsubsetl
rcvlsubset2
rcvlsubset3
rcvlsubset4

rcvlsubseth

0.1354+0.012e
0.21840.012e
0.209+0.003e
0.296+0.008
0.322+0.055
0.15040.047
0.373+0.004e
0.333+0.053e
0.344+0.028e
0.3771+0.021e
0.331+0.032e

0.13040.007e
0.211+£0.010
0.19240.007e
0.29340.008
0.314+£0.050
0.149+0.045
0.3814+0.014e
0.380+0.032e
0.3884+0.012e
0.396+0.024e
0.3524+0.021e

0.443+0.003e
0.24140.0260
0.318+0.031e
0.390+0.006e
0.414+0.018e
0.303+0.061e
0.281+0.027e
0.269+0.051e
0.253+0.029e
0.29140.038e
0.272+0.053

0.100-£0.008
0.203+0.014
0.143+0.007
0.304+0.006
0.310+0.021
0.147+0.007
0.107+0.011
0.124+0.016
0.145+0.013
0.168+0.023
0.256+0.017

0.781+0.015e
0.71940.011
0.589+0.007e
0.586+0.008
0.405+0.038
0.640+0.092e
0.377£0.017e
0.38210.027e
0.403+£0.029e
0.3621+0.014e
0.388+0.028e

0.788+0.017e
0.7244+0.011
0.620+0.007e
0.588+0.007
0.426+0.036
0.64410.086e
0.331+0.017e
0.351+0.007e
0.340+0.009e
0.335+0.020e
0.339+0.028e

0.488+0.028e
0.687+0.016e
0.420+0.032e
0.353+£0.002e
0.487+0.0100
0.483+£0.032e
0.518+0.031e
0.51440.040e
0.519+0.034e
0.507+0.032e
0.486+0.080

0.837+0.016
0.726+0.025
0.696+0.008
0.586+0.006
0.407+0.005
0.667+0.005
0.682+0.018
0.697+0.026
0.676+0.017
0.660+£0.035
0.502+0.036
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iR A EBFLIRLERATE

2 A1 F A2 3 HITCIR T A R 2R M AR ARLAE 11 DM EE b, &5 VELE one error F coverage bR FHIRI. BARKAE, DeNo
TEZ S0 v B P AR 45 R, AR EFR DA P IS PRI & M. SR A1 AT, DeNo TE 44 K/ Btk 46

& A1 XT one error WMIEIRELM D EER FHKER (HE + EE). BRERMARTR, HPFS o/0 FAIFK
RERX ¢ 103 (EFMKFE 0.05) T, DeNo BEMRT/HTHEILLSE.

Table A1 Experimental results of one error (mean + std) on the linear model. The best performance for each dataset is shown in

boldface, where /0 indicates whether DeNo is superior/inferior to baselines with pairwise t-test (at the 0.05 significance level).

Dataset % fpml PARD PASE GDF LBCE CCMN DeNo
100 0.794+0.030e  0.276+0.028¢  0.285+0.032e  0.359+0.004e  0.417+0.032¢  0.71140.03le _ 0.238+0.031
150  0.796+0.016e  0.287+0.035¢  0.298+0.017e  0.36240.020e  0.422+0.015¢  0.71140.024e  0.238+0.031
scene 200 0.79440.030e  0.277+0.031e  0.28540.033  0.35940.036e  0.418+0.032¢  0.711+0.03le  0.238-0.031
250  0.80640.03le  0.327+0.017e  0.34940.049e  0.35940.030e  0.434+0.023e  0.708+0.019¢  0.265-0.022
100 0.250+0.026  0.244+0.031  0.247+0.020e  0.253+0.025e  0.371+0.021e  0.24940.025  0.229+0.021

] 150  0.25140.026  0.24840.031  0.249+0.029 0.256-£0.026e  0.33340.029¢  0.250-£0.025e  0.250+0.032
yeast 200 0.26640.021  0.266-£0.040e  0.249+0.020  0.25340.025  0.3714£0.021e  0.25140.027  0.25840.029
250  0.60840.035¢  0.34240.139e  0.317+0.1360 0.5664+0.056  0.634-0.035e  0.310+0.072¢  0.56040.026
100 0.826+0.008¢  0.356+0.008¢  0.340+0.020e  0.480+£0.007e  0.610+0.015e 0.515+0.019¢ 0.314+0.010
150  0.826+0.008¢  0.36140.008¢  0.34140.006e  0.484-0.008¢  0.6164+0.012¢  0.576--0.033e  0.31340.010
bookmark o0 89640.0080  0.35740.008e  0.340+0.003¢  0.480+0.007e  0.610+0.0150  0.5154+0.019¢  0.314+0.010
250  0.82640.008¢  0.380-£0.011e  0.36940.006e  0.48140.006e  0.592--0.012e  0.603+0.022¢  0.317--0.009
100 0.587+0.037e 0.385+0.013e¢  0.397+0.003e  0.417+0.012e  0.506+0.012¢  0.596+0.017e _ 0.368+0.009
o 150  0.61540.037e  0.403+0.013¢  0.4304£0.014e  0.455+0.009e  0.57840.007e  0.595-£0.024e  0.401+0.007
delicious 200 0.66140.030e  0.460-20.034e  0.4814+0.018e  0.474-0.014e  0.590+0.013e  0.624+0.013e  0.427+0.012
250  0.67340.03le  0.648+0.021e  0.50940.019¢  0.46240.011e  0.583+0.016e  0.630+0.013¢  0.451-+0.011
100 0.714+0.063s  0.61240.014  0.679+0.020e  0.7040.054e  0.796+0.025¢  0.736-0.038¢  0.604+0.058
150  0.714+0.064e  0.61940.012¢  0.680+0.0158  0.704:£0.054e  0.796+0.025¢  0.733-0.029¢  0.605+0.054
Corel16k 200 0.71440.063e  0.637-+0.017e  0.70840.028¢  0.70440.037e  0.798-0.019e  0.729+0.047e  0.617-0.061
250  0.71440.063¢  0.464-:0.012e  0.714+0.011e  0.70040.052¢  0.8050.0158  0.750+0.052¢  0.618-0.054
100 0.434+0.098¢  0.225+0.007  0.219+0.019¢  0.330£0.098¢  0.709+0.033e  0.367+0.108e  0.214+0.082
2007 150  0.434+0.098¢  0.23040.009¢  0.227+0.011e  0.33040.096e  0.717+0.027¢  0.376+0.107e  0.216+0.084
200 0.43440.098e  0.235+0.009¢  0.24240.005  0.33540.093e  0.716+0.028e  0.3714+0.106e  0.222-+0.081
250 0.43440.098e  0.239+0.008e  0.23940.007¢  0.32540.097¢  0.714+0.03le  0.376+0.107¢  0.219-+0.081
100 0.960+0.039e  0.506+0.014e  0.570+£0.007e  0.6494£0.039e  0.757+0.056e 0.523+0.122¢  0.273+0.111
150  0.948+0.038¢  0.4354+0.020e  0.627+0.044e  0.636£0.098e  0.7694+0.055¢  0.512--0.064e  0.26140.085
revisubsetl o0 036-20.0460  0.568+0.031e  0.707+0.115e  0.713+0.05de  0.73340.073e  0.503+0.045  0.259-0.062
250 0.91740.035¢  0.57240.027e  0.68740.075¢  0.6974+0.079  0.753+0.056e  0.482+0.05le  0.220-0.046
100 0.919+0.035e 0.471£0.022¢  0.532+0.036e  0.6960.049e  0.766+0.017e  0.396+£0.103  0.292+0.136
150  0.923+0.029e  0.4164+0.028¢  0.568+0.08%¢  0.63140.052e  0.747+0.048¢  0.416-£0.075e  0.278+0.112
revisubset2 o000 847401030  0.52440.018e  0.587+0.067e  0.69140.103e  0.784-+0.024e  0.41840.127e  0.190+0.068
250  0.88240.053¢  0.536-£0.051e  0.61940.084e  0.69840.039¢  0.765--0.029¢  0.481+0.094e  0.178--0.050
100 0.883+0.100e  0.482+0.042e¢  0.581+0.10le  0.741+0.026e  0.788+0.028¢  0.408+0.064  0.299+0.174
150  0.940+0.053s  0.4274+0.032¢  0.591+0.083e  0.6860.094e  0.787+0.022¢  0.442+0.074e  0.231+0.107
revisubset3 o0 084540.137e  0.55040.041e  0.58240.040s  0.71240.142  0.80140.030e  0.488-0.126e  0.264--0.100
250  0.83140.143e  0.550£0.043e  0.63740.047e  0.69240.041e  0.789+0.033e  0.442+0.109¢  0.242-40.070
100 0.901+0.053s  0.40140.021e  0.447+0.032¢  0.618+0.102e  0.784+0.028¢  0.434+0.036e  0.293+0.119
. 150  0.880-£0.063s  0.35140.025¢  0.548+0.05le  0.642-£0.066e  0.783+0.028¢  0.451--0.063e  0.295+0.109
revisubsetd )00 84640.001  0.43840.019e  0.577+£0.099¢  0.66740.05le  0.77540.011e  0.4564+0.082¢  0.255+0.083
250 0.81240.115e  0.467-+0.029e  0.49240.058¢  0.667+0.051e  0.775-0.011e  0.453+0.090e  0.283--0.082
100 0.828+0.036e  0.438+0.025e  0.542+0.095e  0.656-£0.0658  0.770+0.053e  0.444+0.096e  0.291+0.053
rcvlsubsers 150 O15E0.05de  0.382+0.028e  0.496:0.050s  0.699:0.080s  0.751:0.009 0.444:0.078¢  0.276:0.065
200 0.81140.005¢  0.482+0.241e  0.62640.095  0.55240.115e  0.733+0.111e  0.496+0.092¢  0.236-+0.071
250  0.78340.078¢  0.480-0.038e  0.562+0.057e  0.58340.137e  0.756-£0.085e  0.488+0.091e  0.251-+0.077
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Table A2 Experimental results of coverage (mean + std) on the linear model. The best performance for each dataset is shown in
boldface, where /0 indicates whether DeNo is superior/inferior to baselines with pairwise t-test (at the 0.05 significance level).

o/o AT R

Dataset % fpml PARD PASE GDF LBcE CCMN DeNo
100 0.408+0.032e  0.098+0.009¢  0.11240.032e  0.132+0.012¢ _ 0.162+0.012¢  0.358+0.029¢ _ 0.085--0.009
150 0.41040.026e  0.100+0.013e  0.110+0.014e  0.134+0.008¢  0.15840.010e  0.35240.031e  0.085+0.009
seene 200 0.4084+0.032¢  0.098+0.010e  0.11240.032¢  0.13240.012¢  0.16240.012¢  0.35840.029¢  0.0854-0.009
250 0.42040.025¢  0.118+0.016e  0.138+0.013¢  0.1364+0.010e  0.172-£0.007e  0.376+0.014e  0.09140.007
100 0.488+0.013e  0.62840.0558  0.49140.0108  0.547+0.022e _ 0.611+0.020e  0.523+0.022e _ 0.465--0.019
150  0.50440.017  0.660+0.112e  0.498-+0.012  0.530£0.017e  0.60440.020e  0.52440.019¢  0.483--0.025
yeast 200 0.509+0.019  0.689+0.083s  0.495+0.007  0.547+0.022e  0.61140.029¢  0.54640.029¢  0.491+0.028
250  0.632+0.037¢  0.706+0.050e  0.578+0.136  0.5954+0.033e  0.730+£0.018e  0.610+0.039¢  0.567+0.029
100 0.41140.009¢  0.14940.006e  0.136+0.005e  0.2184+0.005e  0.293+0.009¢  0.213+0.004e  0.117+0.005
150  0.40540.009¢  0.15640.005e  0.13940.005e  0.21940.005¢  0.295--0.008¢  0.235--0.020e  0.118-0.005
bookmark 00 ) 10040.008¢  0.15040.0058  0.136+0.0056  0.21840.00de  0.203+0.009¢  0.21340.004e  0.117-0.005
250  0.400+0.009e  0.175+0.006e  0.156+0.009e  0.219+0.004e  0.28740.005¢  0.26940.013¢  0.12140.005
100 0.6614+0.006e  0.565+0.007e  0.575+0.007e  0.608+0.009e  0.649+0.008¢  0.697+0.007¢  0.556+0.008
delicions 150  0.65140.008¢  0.606+0.030e  0.60140.002¢  0.61340.006e  0.663-20.007e  0.696--0.012¢  0.567-0.007
200 0.652+0.009¢  0.632+0.024e  0.6154+0.009¢  0.6234+0.006e  0.674-0.004e  0.707+0.015¢  0.57540.006
250  0.662+0.009¢  0.397+0.014e  0.637+0.015¢  0.63240.007¢  0.684-0.005¢  0.718+0.011e  0.58240.007
100 0.40940.053e  0.353£0.010 _ 0.36440.018¢  0.413+0.032¢  0.504+0.019e 0.4514+0.025e  0.336-0.025
_ 150  0.40740.051e  0.37540.013e  0.3794+0.009e  0.4124+0.032¢  0.504--0.019e  0.462-+0.036e  0.343-:0.027
Corel16k 200 0.407+0.049¢  0.39140.012¢  0.392+0.006e  0.417+0.038¢  0.49540.017e  0.4764+0.026e  0.35340.027
250 0.406+0.052¢  0.641+0.026e  0.391+0.006e  0.410+0.05le  0.500-£0.028¢  0.474-0.03le  .353-:0.026
100 0.31640.031e  0.1464£0.005  0.15040.002  0.268+0.014e  0.425+0.016e 0.247+0.024e  0.143+0.014
150  0.31540.030e  0.15640.003s  0.158-+0.008  0.259-+0.0158  0.42440.013e  0.25240.020e  0.145--0.012
tme2007 200 0.317+0.030s  0.167+0.005  0.176+0.008¢  0.265+0.011e  0.42940.017e  0.27240.024e  0.159+0.022
250  0.316+0.029¢  0.176+0.005¢  0.18440.007  0.25940.015e  0.427+0.013e  0.252+0.020e  0.160+0.008
100 0.454+0.014e 0.31140.052e  0.234+0.035e  0.32240.026e  0.432£0.023e  0.305+0.055¢  0.164+0.023
150  0.46540.028e  0.16040.010  0.305+0.022e  0.341-£0.049¢  0.4254+0.025e  0.34740.061e  0.156--0.016
revisubsetl 00 () 14040.0180  0.34840.043s  0.34840.058e  0.358+0.046e  0.424+0.024e  0.31340.024e  0.157-0.021
250  0.455+0.017e  0.380+0.046e  0.340+0.035e  0.350+0.035e  0.42740.024e  0.31540.033¢  0.162+0.019
100 0.414+0.056e  0.28310.058¢  0.255+0.019¢  0.325+0.017e  0.429+0.04le  0.28240.056e  0.155+0.032
150  0.42140.057e  0.163+0.016  0.288+0.053¢  0.32240.027e  0.418+0.073e  0.274--0.043e  0.167-0.039
revisubsetZ 00 () 4104£0.057e  0.34740.060  0.307+0.033e  0.35240.099  0.44940.060s  0.27040.02le  0.174-0.051
250  0.414+0.056e  0.329+0.037¢  0.33340.057e  0.34140.052e  0.44140.065e  0.297+0.026e  0.17540.056
100 0.41940.058e  0.28240.058¢  0.281+0.046e  0.36940.041e  0.427+0.026e  0.287+0.073¢ _ 0.157-+0.058
150 0.42240.051e  0.16440.013  0.3024+0.039e  0.356+0.114e  0.44040.069¢  0.273+0.046e  0.147-+0.041
revisubset3 00 () 41840.070s  0.31440.063e  0.200+0.025e  0.33940.053e  0.436-0.040e  0.28140.030e  0.163-0.044
250  0.412+0.0508  0.35140.074e  0.33140.044e  0.336+0.083e  0.44140.047e  0.2734+0.041e  0.180+0.062
100 0.37310.063e  0.228+0.041e  0.22240.021e  0.33010.083e  0.413+0.055e  0.280+0.103¢ _ 0.157-+0.057

vloubeogs 150 0.366:0.058¢  0.141+0.010  0.268:£0.030s  0.345:0.10le  0.407-0.044s  0.262:£0.064e  0.153+0.042
200 0.370+0.059e  0.281+0.038¢  0.29140.030s  0.308+0.049e  0.39440.037¢  0.26240.047e  0.164+0.039
250  0.366+0.069e  0.284+0.043e  0.246+0.028¢  0.309+0.049e  0.39440.037¢  0.25140.03de  0.15140.052
100 0.39310.015e  0.273+0.05le  0.266+0.054e  0.3214+0.017e  0.434+0.016e  0.337+0.045e¢  0.165-+0.026

vloubees 190 0:392£0015¢ 01610009  0.247+0.04le  0.325£0.014e  0.424£0.0126  0.310£0.019  0.166::0.024
200 0.386+0.021e  0.300+0.044e  0.300+0.041e  0.337+0. 024e  0.40840.030e  0.30740.062¢  0.18140.024
250  0.373+0.0208  0.28140.024e  0.308+0.027e  0.334+0.041e  0.43140.019¢  0.29940.075¢  0.187+0.022

Fings 75 LY 5] R 5038 BB EE one error, H:HFE revisubsetl~5. deliciouss bookmark ZEEHEE EIEHA I NI E, ML 5
FEAIG 10%~30%. X Ui i 51 N IR HEAR A 20 SR RE AT 25 R AR AR IR 0E . R A2 IR, REE MRS LU 100% -T2 250%,
fpml. GDF. Lpop FIVEM coverage HYHILE LT, i DeNo HIMEIE R /NG LARFFR A, %4 KWL T £ PR Fric /A
R N2 M AR, DA IT 45 R A HE e LA R e SR RS AR E . 45 |, DeNo 7E one error il coverage L[/ BEAA SIS %
WY, HoHE P 85 R BT T IhR L 0 A0, JFAE R IR PR 3R 1 R B L B SR I HE 7 B s e Rz AL R
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A denoising framework with exclusivity constraints for partial multi-
label learning
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Abstract In partial multi-label learning (PML), each training sample is associated with a set of candidate labels, which
contains both relevant and noisy labels. Disambiguation is a key strategy to address the PML problem. Existing approaches
mainly rely on modeling prediction probabilities within candidate label sets or on specific assumptions (such as smoothness or
sparsity), which are often difficult to satisfy in real-world scenarios, and they often ignore the exclusive information contained
in non-candidate labels. To effectively suppress noise and enhance the model’s ability to identify true labels, we propose
a denoising PML framework with exclusive constraints, called DeNo. The framework constructs a centralized pseudo-label
distribution within the candidate set, progressively amplifies high-confidence labels across iterations, and achieves gradual
denoising. Meanwhile, a square loss is employed during training to maintain continuous alignment between model outputs
and the updated distribution, thereby preventing error accumulation. In addition, DeNo leverages the exclusive information
contained in non-candidate labels to suppress irrelevant label activations, extract reliable negative signals, and further reduce
interference from irrelevant information. Experiments on 11 multi-label datasets demonstrate that the proposed method
outperforms baseline approaches in both suppressing noise and improving model’s performance, validating its effectiveness.
The code can be available at https://github.com/gaoyi439/DeNo.

Keywords multi-label learning, partial multi-label learning, denoising, square loss, exclusive information



