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Abstract The Area Under ROC Curve (AUC) is one of the most popular evaluation metrics for
classification performance, which measures the probability of a positive sample to be scored higher
than a negative one. Compared to the accuracy-based metrics, AUC is insensitive to label distributions
and misclassification costs, making it a better choice under a long-tail scenario. Accordingly,
there is a large amount of work trying to directly optimize AUC, especially under incomplete
supervision due to the costly labeling process. Despite the great progress on learning from incom-
plete data, existing semi-supervised AUC optimization methods usually assume that the labeled
data is clean and trustworthy. However, in many practical applications, we must simultaneously

face insufficiency of data and inaccuracy of annotations. Motivated by this fact, we present the
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first trial on optimizing AUC under the context of incomplete and inaccurate data annotations.
The challenges of this task lie in that there are (1) neither a subset of clean labeled instances to
propagate confidential labels for the unlabeled data, (2) nor sufficient labeled samples to learn
the patterns of noise-{ree distribution. To address these challenges, we present a reformulation
of the AUC score when the data suffers from class-conditional noise. With such a reformulation,
the challenging label propagation process in (1) could be dropped. More importantly, one can
derive a much more simplified expression of true AUC where the impact of the noise distribution
is removed, eliminating the problem in (2). Specifically, we show that the symmetric surrogate
losses are noise-robust in the semi-supervised setting under certain scenarios. With the help of
symmetric loss functions, AUC surrogate risks developed by noisy positive/negative, noisy
positive/ unlabeled, and noisy negative/unlabeled data all could recover the ideal AUC surrogate
risks. On top of this result, we construct a robust semi-supervised AUC optimization framework
along with the induced empirical risks does not need to estimate the noise rates. Taking a step
further, a tight algorithm-dependent uniform generalization upper bound of the excess risk is
presented to show that a model learned from a sufficiently large given training dataset could
generalize well to further unseen data. Here we develop an algorithm-dependent hypothesis class
out of the entire hypothesis class, which concentrates on the expected hypothesis outputted by a
given randomized learning algorithm. Compared to the earlier-known results, we show that the
upper bound of excess risk could converge at a much faster rate. Practically, we propose an
instantiation of our framework with the Barrier hinge loss. To speed up the training process, an
acceleration algorithm is developed for this loss to reduce the complexity of loss and gradient
evaluation from O(n*) to O(nlogn), which leads to up to 200x speedup in the experiments. The
key idea is that by properly reformulation, the optimization objective functions can be divided into
several parts where each part can be computed recursively with dynamic programming. Finally,
we conduct extensive experiments on 15 benchmark datasets including ablation study, sensitivity
analysis and complexity analysis. The empirical results speak to the effectiveness of our proposed
method.
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<1—a>sup[1€+<f> — ,(f‘,s>]+ ’ ’
fEB Ei
asup[§+f(f)—aaflf?+7(f95)} 1o =) pn) 4 a *fp(n) =O(i++ + )
/€ B min(n " ,n ) min(n " ,n") n n.

A A3 50 R 4 A P A L R L .
3 P 3513 IE B S A IR TR LR R A L
R R LR E R,

FIE L AR IERME B, K R
L-Lipschitz 34k, i ARFEREE) X, |, A KT B,.
FE S AR S BRE N R ERIRSE S |
BN R fo. % a> 1 MIHEE 60, LU
T AR 28 2 L 7 A

~ a5 B(n)

R (fo _1R+,<fs,s>go(m),
Horbr, pGo) Bk F BT % F 37 1 A e 1 DL )N 45 %%

}E%jt/l

5.2 HMEMBETHREEZN—FLR
AT B b g B A S5 R 0 T REPLAR T %
(Stochastic Gradient Descent, SGD) &3k . %% T26
(R B PLIE E — D IEREA o TR L RITTG
FREEFEAS 12 AFE R FEAS =0 d o IEREAS o R R
Ai HFHEHR, L MEREA L IR EREA i

FHEHBR . . LGy, W ¢ BRI SGD HH LI
0, —p,bigl(1—=a)* Vo 0 (f(Zi s Zi )+

a Vol (f(Zi s Z, )],
IS SR
WO FT D25 0 R SR SGD B ik ) 8 B 2 W B¢
AUC Al [o] 55 o 5% B 5, HGEWTE BB 3 D,
EHE 2. SGD BHEM—E LA, Bk HK SR
BN L-Lipschitz HE4E s 19 K/ANA#E 3 B
i AR5 %K | X . AR F B, . i £+ B T 4 SGD

gty JLE ST < 2/s . A a1 W HE T
0=>0, L F AR AE D 120 BT
RP( (fl“ RP[ (f“.S)<
(6a+8)B[/log(1/8) 1—a a 4+
3 (rnin(nf,nf) min(7'1+,n:)>
e
1— .
SLB, /ZB ngf( ( a) *B(n) + a. ﬁ(f) )
Y min(n',n ) min(n " ,n")
53 J% BE T

Hﬁﬁ(n)<2LB,/ += +n—

AT LA A B TR 52 A BE IR B BORR L & F
O /n" +1/n +1/n%) . B A EBLL T R
Mz Ak 5. 3 —Jr i, BB pr o AR SRR
A AL B384 B b i 5 AR B B
(D %y AFHESECE S 7T LA o R AR H — b 52 305
(2) P12k pRE 2™ 1Y . Barrier hinge,Squared., Hinge
SR BRI T 5 (3) AR AT AL R TR
FEAIT 2G50 A S S BN FECn] AR 2
SEPD RIS LU 45 5% ok B0k H o AT A (D iR
BRAL L-Lipschitz 22 S8R F A i B AT S,
AR TR e 2 Lipschitz JEZEME & RIS
A EF, H Barrier hinge 1% Ay Lipschitz % %%
L @S E b (5) R EEL s- VI8 . etk o Bedil 2k
4 Barrier hinge 5 Hinge 7& & > 2% X 8] | 3 &
SR B R F LT A AL P (smooth almost
everywhere) , X B g /3 A7 i B2 I o 52
5.3 Rion ()5 Rpuan (O HIFTEE

L6 PRy ooy (NDIIZIRIA N Ry oo v (2 S).

AT LA B AR BE T R 53 I A A8 T2 A XU
B

EP —N(fs)*%lﬁp—orw(fms)
(a) 17(1 a
égw)(min(ﬂ'nf) 1r]r1in(n+,n‘ﬁ‘))Jr
—a a
b b O
¢ }’)( min(n,n ) min(n+,n#)> «
o
(b 147& a
=& (min(nf,nf) + min(n~ ,n*) >+
a a
, . 0
g )’)< min(n" ,n ) min(nﬂnﬂ) @
Hr
5(8)*(6a+8)B log(l/ﬁ)

t(n,y)=16L*B%/2B,log(2/y) /7+ Jrf

KW T RGP Rpoan () B2 50 A
Rpwan (fSH
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RP md\<fs)_ RP md\f<fsvs><
o
min(n 7" )  min(nt,n®)  min(n ,n%)

al sz

C(my)(

min(n " ,n ) min(n",n")

KT R oo (ORI Rp s v O BRZALBRE T 5 1T
TCHRTEAEAS A4 R 8 8 K T A AR TEREAS IR AN %
En® >at Ha® >n GO, BLA, X F P-and-N X,
K AR a1 tar Tas =1, A LAREES] .

(DY n' >n B, ) MBI

()Y n >n" B (D) BN,

S F Z A A KU 19 B/ B ] AL P-or-N XL
Bz —wigs, WImAHE TFNRR P-and-N KUK,
P-or-N KUK B 47
6 MMEREE

15 AN Y ffy BE HY &% . A Barrier hinge 2R
BRE A 5 2R AURR FE A TE BT T Mo s . R R
*ﬂﬁ‘@e%iﬁﬁﬂﬂt%?%ﬁﬂﬁ’jﬁ’ﬂéﬂﬁﬁﬁf-

R=—2—3 S sgxH—gx ) AD
non xex x ex

AES, BRBRETE T T O™
MR M. Wik, A THREERE, 2K IE.
TREAS##E . BT Barrier hinge #5128 /& 73 Bt & M 11
AT 4 ¢ IR PE X M X (D HES

50

R berier —=
1, 2 2 r—b'r—/)[g(x+)—g(x7)]—§—

T
nn {4 - T 4
x €X x €9 (x )

A)

ea’

(B

blgx)—glx D ]=br (12)

eat yeohuh

©

Hrp

o (xTH=

ber

_ iy N
{x |g(x")—glx )éilfb

;x7€X7}9

Qc(x+)={x ‘%<g(x7)—g(x Y<lriyx X ),
Qf(x ) ={x lglxH—gx ) =r;x €X ),
SN 5 IEREA xT (015 5y 22 {H 75 A Barrier hinge
XTI 2 M X ) () SRR A AR

6.1 IMAWITE

KA W —Ti a5l
Dt r—ber—begxH]ta (x) (13)
x'eX‘
Mo

1
GL<x+): 2 o ’

x GQ"(x+)n
o (xH= >,
et
FEAE S (x) Mo (x"H B 5, M A3 W
RN O, L, @O o (x7) M
@ (x7) PASEBLI (A B AR o
(D AR . | S g(-)’li’rE TP KR
Zl—‘%ﬁj’é’lwf?ﬁﬂh/\”u%?ﬂ‘jﬂ X taxltv, e
%ﬂxo s Xy v"'vx . EZ L NE
g(x )Eg(xf' Y=g (x ),
g(x, ") =g(x "= =g(x, ),
Horb AP BAE R LR Onlogn)
(2) BB HETT . R 0L O Q (X, D). Q (X, D)
QN (x, D4Rk Qp QL FQF . R o A
o "WRHAET .

L L L
Q&0 &S0, 4,

b _
Tg(x ).

¢ ’x;\¢71

A

O (xy =0 (x; " HU{ Q" (x ' O\NO  (x" )},
D s 0 B R IS R OE /SRR R AT — IR R AR
OGO 1 3 s AL TUMQO I b 38 4 5
HWATA Qy ok=0,1,+.n" —1, T8 QM sh MK
P RN I

L1l TR RRSNE.

B x x e Y ax X e x LDy
LT

1. p=<o0. > IEFEATE
2. g<0. > SRR B
8. b <1 b Qb= {x )7,

4.  while p<<n".q<<n~ do

ber

5. if g(xjv)—g(x,” )< then

6. q<q+1.

7. else

8. Ih<qg—1. > IL=—1F[0os=g
9. p<pt+1.

10.  end if

11. end while

12. if p<<n™ then > Bl g=n"
13, Ihorpeq—1.

14. end if
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Hl

1R 2025 4

o
=B

B o Flar AT dy 40T 3 HE TR F

CEAEPREAP R L
x GQM \QZ nn
o (x D=z (x, H+ D) ﬁg(x;')(lél)

¥ eop \oy
BN, FARMEHMEIF R RN OGo .
(3) KA. o S IEREA i3 A I
AR AR A 52t (1) L B E 2% O
FEREEEAG I S AD R A X F S H 0
BT 5
DV D[ Veg (x ) ]HE (xT)  (15)

eat

Hrp
Erx= >
eotuh
FUH L E (e DR i T T AR A
=g"(x, "+ D) biv”g(x ) (1)
xite‘H\Qk " 77

TG CAD [ TR 2035 2% OB B T3 a R DL Rk 2,

n‘[#v@g(x*) (16)

LY
(x 1y

[

k2, AP RBKEHEIE,
BIA:x . xv, - T xg ax e, Y b I

ki H : loss, grad
1. #2,<0, p=<0.

2. o< 05 @< 0,5 Bpur<0.
3. 60t H<0s @0t 1< 05 Eo.ut—1H)<0
4. while p<<n" do
5. if Iy %4 — lthen
6. GO, ”+En -
1
7. w.,t,m—w.,\,ﬁz +;, cglx ).
.
8. lmfr“'*hurrJFE + — « Vog (x: 7).
9. tO«I’Hrl.
10. end if
11, o,< 0+ Tp<@vui s Zp<Epur.
12.  p<p+1.
13. end while
14, g <[glx/ " )oglx/ ) glxr DT
15. Veg " <[ Vg (x5 ) s Vg (x17V ) s+ . Vog (x ' D"
16. loss<e6'(r—ber—beg ) +1'w
17. grad<——b ¢ Vog ™ +175
6.2 T(OWItE
[F] R 1 il T
Qi{‘—l— f —ZC CQO’
O (x, ") k=0,1,+ o0 — 1 W a] @i A B 4

Pk E R . BRI 0 (O B Hoh B m] L sd 3 5 |

*/J\w%fléﬁl_ﬁﬁfﬂ%fr% HA P A TR S - 5

ARG B /IEAS & B RREAR )% 15 1) 3
6.3 TI(BMWiItHE
K A2 1, B (B) . il 5y
D r—gx D] +a (x1),
x ex’
/\':F[
. 1
C(xTH= —_,
’ * xieg(x*»)nJrn
. o (x )
w"(x+): Z 5’7770
© egCuh non

mTFo kIO T AR QL T AL T

(B) S AR R X E 2 A Q=& \Q:\
Q) ABHTGIE B4 e A Dy 3ok #f 11 S AL . S L

X Qp M QR — 4, AT A4S W R Q) B HE R R -
Qk}l:Qk\[Qk{l\Qk]U[Qk\Qk-l]’
PR 77 26 B 28 (12) A3t (B) (14 328 # o H S an F .

o () =06 (x, ") — Z l,Jr 2 +1,

nn _
x 6Qk+1\Q; R

" (x5 E OIS o (el ) Fl, B 7E
A, BARE P AR WA 3.,

&3 WD Ik S ETE.

A o T b I IR

fﬁiﬂtﬂz
1. te<IE+1, <18, p<o0.

oss, grad

2. ou

3. @ ffez

1]1

4. ul\[[‘_z nt 7Vog<x/ )
()

—g(x, !

St -1 00 @y 41,05 Hot - <=0

5
6. while p<<n' do
7 if Ij#1,—1 then

8. Obuif 0[.{6+§

nn'

1/
9. W}ff‘_w1f{+27 g(x; ).
k= 1
1y
10. Eputt < Ebu n+2 e * Vg (x: 7).
11. OFIL+1.
12.  end if
13. if I¥#1, then
[
14. O buff U|urr+2 ntn
1/,—1 )
15. w'huﬁ‘_whuﬁ+zﬁ.g<xk .
/"7’1
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R
Iy—1

16. Ebuf[“Elm[E_'_Z % *Veg (xi ).
Sinn

17. t<I%.

18. end if

19.  o6,< 06wy @ <@ vurs Ep<Eui-

20.  p<ptL

21. end while

22. gt <[g(x/" ).g(x V), e gl DT

23. Veg " <[ Veg (x '), Vag (x" )y, Vog (xf D"

24, loss<e¢' (r—g" ) +1w

25. grad<——6' Vog " +1'E

AR B = IR R ) B e T O R SR
H WAL BRHE F #1E. h O(nlogn) . R ML—2k % X
(B A HE Y B AE SR A=A BRTC R IR AT  H AN R R
P XA CBRI9TCAD /(B /(C)) g 388 4 (ol R A T3 2
A DATE— B B EORAT DLREAR A 2% B rh i B R
Bro hte TR A0 o B v R 4 R AR B A Y
SEIRIE N O® [N OCnlogn) » Al 4 KRR FE 4R 5 K
MR BRI B . TE55 7 ) Se e b
AR T WEE R . AN AR TR R i
SR AL AT DL A S TC At B A N 3 A2k IX ]
14 73 Be 2 P T R A4 2K R, A Ramp 12K

7 % W
7.1 HiEE

T UE BT 4 O 1A Bk L 7E R B Keel @,
UCI® Kaggle f 15 % M — 7 e 8da 4 ElAT T
SCH . XL L AR T IS T i 0 P A Y R
P ORI AR B A B A R B
R R2HH TRERENTENSEITHER .

R2 HEKHRIHER

GRS KR FEA R 0"/0 A 2 i
australian Keel 690 0.8016 9
banana Keel 5300 0.8126 3
credit-g UCI 1000 0.4286 25
heart Keel 270 1. 2500 14
ionosphere Keel 351 0. 5600 34
monk-2 Keel 432 1.1176 7
phoneme Keel 5404 0.4154 6
saheart Keel 462 0.5298 9
segment( Keel 2308 0.1662 20
spambase Keel 4597 0. 6506 58
titanic Keel 2201 0.4772 4
wdbc Keel 569 1. 6840 31
wine Keel 1599 1.1492 12
yeastl Keel 1484 0. 4066 9
Surgical Kaggle 14635 2.9661 25

7.2 KIGHETS

S0 A 43 bR BT R B T AR 1 A 4y 2R A
Boy=w'x, Hf we R . d J & 5085 £ 5 A FRIE x
I 4ERE . Barrier hinge 5 2% bR 588 250 B 2 hy b=
200 F r=>5 ¥ IE W68 280 v MR E Ry 0.5, 3F
PLO. 1 I FRAEL —0. 9,0. 9 JN R« Y fH . XF T i
A B PR R /INIE B B T BT L A 2] R
BB N 0. 2,5 5 53540 LL 0,999 1 o451 5 08 . A5 7Y
ZHw i FIE 0 A N0 D TR WA A . Fr A 5256
HHERD Intel (R) Xeon(R) Silver 4110 CPU, Ubuntu
16. 04. 6 #AE R G M55 2 L ilt47 . &AL 7E Python
3.7 HEE N NumPy 1. 16. 2 23, H A 45 26 s
JE 3 434 F Cython 0. 29. 6 528,

B A b gy JE A E AR K IE R A L
7015+ 15 By el %) 43 S 2 ik R o R
Fo BRI A i 85 Y0 W B br 25 8 20 1F AR 25 1
Tl 1 R S I MR I R . F T Al M
WA R RS o2 % 0.0 BRI I E
W AR 0 oo’ B A SE 4. Ik, Wl p€
[0,0. 5)F1 k€ (0, 1) P A~ Z Hi ] 42 4 il W 7 L o]
HARWM S B 1—r=1[0" >plpt+Q—1[0 >
p])'/e 0 M =1[0" >p] 'p+(1—ﬂ[9+ >p]) .
ko0 Forp Il - TR R R AL BRAER UL, 5250 45
RIFE k=0.9 F p=0.42 Y FHH ., ANFH o EHT
Es R E G st ma R i,

SR B FE 2 56 1T AR L A RS B SR 0k ST AR R
T 15 YN B E/ M4 . T X 15 NMRIE&ER
I R AT PR B AR SR IR e SR 15 AN AR
iV RSk
7.3 Xk AE

T B E BT AR SR A e R T R
KT TR

(D AR B AUC ik Jr ik

D SSRB*, 1 5 AL i 45 0 b 28 4 A< 5 A 0L 11
AR 2 Bt R o B Ph BR 28 4K )5 2 T RankBoost
BRI AT TOhR 2 BUdiE 4y kAT AUC k.

@ PNUAUCM , [ i K it A T bk 25 54 70
IE R I AT B T O i 1 AUC 1K
M T AT B E 0 A 78 S50 vhE i 4 R D
) A AU .

@ Samult'", 7 PNUAUC Al #4717 #

@  https://sci2s. ugr. es/keel/datasets. php
@  http://archive. ics. uci. edu/ml/datasets



146 it "

Hl

¥ 1 2025 4F

A [6] Bp 4 JE AR 28 5080 A0 A TEREAS R AR REAS , TE 5 Ak
0" RAER I E T B AR

(2) BE T X5 BRI 2R 1 Pl 2 7 i A8 1

@ sigAUC, & H] Sigmoid 1 kA AUC AR
0 2K oR B A R eRBIOW FRAEAE Y

@ rampAUC, 3R f Ramp 1 2 A5 Jg & AAH K 8
B AZ R eRERRE XS ARIEAE ™, .

Q) savAUC, 3k ] Savage 1 & /F Ry 85 40 2% bR
B R REAE = G co B H2 I X FR

@ hinAUC, R A Hinge 1 28 1 2 B AC 1 2K R
B R B — 1, LNl X R 21

® Ours, A3 fT #2 J7 1, 2% F] Barrier hinge i

P RAR AR ZHRR S LR R A, AT
oAb e vk . FE A R LT s . SSRB A fE R
BB B A BRI E . KR RAE 7% 5 B AR A
FREEFEAJ TR ZEFEA S PR 28 . BRI, A AR
FEASAS AT 5 ], PR BRI R B I X L ) 5 1
AU AZ 4 i) PNUAUC Fll Samult J53 , BT $2 J5 3 38
T AR A MR RS ) R ARAS T W MRS Tt . LA,
JUT 4 J5 VR AR T H A AR AR B PL AT

(1) 55 HAth Jay % 3 8L X FR 458 25 R £L (41 Hinge
Fl Savage) #H It , Barrier hinge ik FEM T 4, HJF
BRIAE T2 02> 1 I 20400 2 5 X0 8t % Bk 0 [ 1 45 53
ZEAHIEAT ™ T AR . R BEE DI SR ilb AT 45 ) 22

RIFMRA L o - LR 328 T 8 A JHE X R DX 3 (75453 2 / B JBE TP A e ¢
7.4 BRSH PITEXFRIE [ N 2EAT o IR PR A Barrier hinge i
PR B4R LR SCR A R AL 3. aT LA I B RS FR A SR R B DX A
3 ISAMHEE LRI L5 XTWHFH AUC URIRAEE)

Ours SSRB PNUAUC Samult hinAUC savAUC sigAUC rampAUC
australian .6531(.0617) .5529(.0681)* .6002(.0839)* .5900(.1063)* .5671(.1183)* .6076(.1077) .6303(.0820)  .6352(.0860)
banana .5688(.0366) .5309(.0711)  .5084(.0355) " .5046(.0346) " .5346(.0420)" .5181(.0425)" .5302(.0404)* .5165(.0432)"
credit-g .6072(.0623) .5130(.0213)* .5457(.0924)* .5476(.0916)* .5727(.0867)  .5797(.0776) .5379(.1042) " .5766(.0764)
heart J7134(.1366)  .5919(.0846) * .6288(.1881)* .6291(.1724)* .6245(.1832)* .6425(.2017)* .5090(.2375) " .6818(.1156) "
ionosphere .6813(.1126)  .5473(.0533) " .6483(.1320)  .6542(.1260)  .6762(.1555)  .6728(.1333) .7317¢.1009)  .6913(.1189)
monk-2 .6960(.1377)  .5206(.0755)* .6308(.1432)  .6345(.1471)  .6689(.1528)  .6170(.1699)* .6708(.1184)  .6879(.1189)
yeast] J7196(.0774)  .5354(.0714) % .6841(.1093)* .6785(.1115)* .6503(.1614)* .6766(.1275)* .6973(.0928)* .6311(.1842)
segment0 .6823(.1134)  .5833(.1182) % .6299(.0703)* .6228(.0610)* .6125(.0748)* .6102(.0555)* .6222(.0699)* .6383(.0869)
wine .5872(.0963) .5276(.0459) % .5282(.1300)* .5267(.1202)* .5624(.1103)  .5823(.1111) .5655(.1220)  .5826(.0969)
wdbe .9533(.0303) .6066(.1219)* .9222(.0615)  .9378(.0270) * .8059(.3045) * .8476(.2743) .8883(.2170)  .8810(.2298)
phoneme .7844(.0194)  .5428(.0507) % .7503(.0454)* .7467(.0485)* .7662(.0346)* .7717(.0349) L7721(.0319)  .7672(.0367) "
saheart .6253(.0917) .5064(.0477)* .5985(.0812)* .5999(.0840) * .5928(.1203)  .5867(.1111)* .5804(.1427)  .5632(.1182)
Surgical .6095(.0365)  .5508(.0553) " .5771(.0513)* .5901(.0531)* .5917(.0502)  .5864(.0907) .5782(.0592) " .5783(.0836)
spambase .6647(.0696) .5220(.0320) * .6222(.0748) " .6367(.0834)  .6241(.1090) " .6325(.0906) .6409(.1069)  .6381(.0642)
titanic .7053(.0429) .5532(.0526) * .6400(.1439)  .6390(.1426)  .7116(.0225)  .6408(.1514) .6211(.1602)  .6506(.1399)
win/tie/lose — 14/1/0 11/4/0 11/4/0 8/7/0 6/9/0 7/8/0 4/11/0

T - e D45 R LR R U 45 R R R 37 (3R T 41 7 0% 7 AR 2 80808 4 b S 25 08 170 BL O 126 (FE 9506 1 3K F 7 it

ATHECRT ¢ KD .

kT UE B 3 — g AT LA i ok B vk i R Y
n e MHM AT b n ol IR I RIS | A IE
FEA I X Bk BN I SR AR L, BRI ot RO
S T 22 1 T SR AR 4 A BRI [, S Ak
K1 s . AT AW % 31, Barrier hinge 41 2k 2 ¥ ¥
0 224 AT R FE N .

(2) 5 %F R 45 2% o6 % (Sigmoid F1 Ramp #1 28)
HHEE » Barrier hinge 5 2% (1) 45 A0 AH X 56 4, X 7] g
e PR 4 Jrg X RR B 45 2 R B AR T 1 T BE S BUR BB
I ARA# L1M7 Barrier hinge #3128 & ™ 1Y . A7 76 4 Jmy Je A
fif o SR AE T 32 5 12 1 28 A o X6 R 3 2K 1) 1 B K
ZHHEL T Hinge 1 Savage 2535 bL/ J5 38 % Fr 45
o BT T EPAIE T B AT 4 22 (E T RE 4 H TR
A Hinge il Savage 45 [ 4 X FR X 35k, 11 B 25 451 2% 2

No.12
No.11

No.10

P REARIAET
XIFRTEEE Y

IOV OOV © = TEO0OONY DEFEOGTOD
FrErrANNNOOOIIITODDOD ORI~~~

P

Wkt e € [0,1] AY7ZE b Gl (o IR R K
n ol fRRIETELS i A IEFEAR Y Barrier hinge 1 2 X #&
U N OB A L. R R L BE 2 I 2R 14T, L
T BT A 1553 22 (H AR UE AT X AR T D

No.9
No.8

iE
No.7 ’HL
No6 A%
No.5 D

No.4

No.3

No.2

No.1

A1
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BOTC OB A5 43 22 08 1 AK FR DX 8 6 B S R IR
Y ) B
7.5 AEMEAEEE BT R EE

25 D5 A A [ Mg 7 L B R (BRI p=0..0,0. 14,
0.28.0. 42 B Py HERE W 2Ca) F1(b) . A LL&Z B, Xf

0.70 [ a o 0.600
0.65 3 0
®] ®)
2060 2 0550
055 o 0525

0 0.1 02 03 04
noise rate

(a) australian

e J7 ¥ . SSRB J7 i 16 A [A) B b 46 b i 1 fiE 8 3
BK o H.52 W 75 R W e K FLAL T 3 72 R A EE 491K g
I PERE S A7 B 2R e o TRt T P 0 22 i 4 7 1%
W R AR T EE 7 3 TR A B ek e
INAEAE » BEHT 1 O b 26 M P ) 5 R 1

SSRB
O Samult

= o) % PNUauc

u hinAUC
savAUC
sigAUC
a rampAUC

< Ours

O

0 01 02 03 04

noise rate

(b) banana

B2 ARl ME S HE AT Y 45 2R R MR 75 L B39 O L BT 2 7 ik 1 T R DG 55 BE i i)

7.6 P-or-N 5 P-and-N R B34 bE

H T 4R A =S RO T DL B AR AUC
SR s #E— 258 T HOR R AL A 15 i, 25 5 8] 3
JiRs o IR AT DL 3] A2 R Z 80T P-or-N
T HAMAL A . — J5 . X 5% B bR B0 i B ok
{fi FH B4R A RY . 8k R% - XU 47 06 1 A 40 26 2%
27 BRI . 53— J5 T, P-and-N 4 B} AL f
F A b i B 0 AR TR 3% BB 22 (U0 saheart, monk-2

A titanic Z04 46 ) » 3 WA JC b 1 K4k 5] I A0 1E
FEAFMGAEATFAE B R. RT . BT I i in &
REAE AR T B AT O 25 2R
7.7 BRBRESH

b r BISZIH . b A1 r J& Barrier hinge $i1 28 Hp i)
TS B, U o i 45 SR 0 i) UL T 4 Ca) (D)
Bl v 2B R 2% o i O E G AR AUC A8 4E R
R TR I 336 1P 25 0F T 452 D7 12 AR PR E 2 W T DN

0.64 0.535 T

— o 0.70 0.70 @
060 0530 . 065 77 0.65| 71
ST &) L0.56| o o
2056 20.525 2 50.60 20.60
<. < <054 <055 <055
0.52 0520 m 052 ’
australian banana credit-g heart ionosphere
0.70 — — — —_— —
0.65([ ] 7 0.65 - 0.65 P
_ 0.7 ! — [N
U ry UO.SO U ry
So60 2 S s 2060 []P-and-N
<055 < 06 <055 <055 <055 [ P-or-N
monk-2 phoneme saheart segment0 spambase
T 0.70 =5 SE 0.60 o
0600 o.cs| B s 058 = 0.65
Sy 069 wo. O 0
Bo0575 =060 =he =028 20.60
<0550 - < <€0.54 < .
. 055 0.6 055
0.525 05 0.52
Surgical titanic wdbe wine yeast]

B3 X =FORE R RS B BFSE (PN AREAUR LR - KK . P-and-N Fl P-or-N (Ours) 4» S E A 1L
Rewin IR pory o 5B EIR S T4 7 B K B T P-and-N 416D

(b) banana (b,r)

(a) australian (b,r)

—0.64 —0.62 —0.60 —0.58 —0.56 —0.375 —0.350 —0.325
a [

(d) banana (a)

(c¢) australian (a)

4 BSE b Fla B BURBE /3T (Barrier hinge $8 8% 6=>1 Fl r I+ AU o 1952 W0 R O



148 it "

Hl

1R 2025 4

o
=B

a B2 %8 S 8O T e e A B s
KR 25 MLIE (GO REA L OFR EE R A B 2 B0 iR 22
Wi, AR o B NEONEEAE SR W
PUEE SR 00 2 B BT 2R AT 1/ ) A O o
-SRI 4 FI(d) . W al LUE . B 32 07 1%
TE— 72 i [ PN 249 AT AR 5 5 e 9 P BE PR T 7E S B R
PR TR o BRI BE AT 0 20 PO 2% IR 3045 R 4

I PERE .
7.8 HHERESH

I SCHE B T 44 in 38 B8 3 AT 450 O AR B A Y
TTREREMN O [ERN Olnlogn), NIIEZ %
WefEn tn =11 RO, 0 5 R H N # 5&
FIA SR N S8 2 R RV FE A [ FE A i T i I 25
A fa] , LR L WKL 5. W] LAE ML i b SRR K
/NBUIE B 530S A B — B0, HUFE BCHE ORI,
L AT IR 200 £, E— 20U B T P B R A R .
75 B 528045 4 B PNUAUC Ml Samult A 28 i ik
T R 7 s R FL AR A (Ours, sigAUC, hinAUC 4§8)
SE3 (R R 157 = A7 || [ =i TG B A S N e
B 5 o g . UL, BT B 5k AT DL 3 R
R AR E il 25 .

200 ©
(&)
150
Qo
ey
100 &)
=
(o)
50
(5]
S
1000 2000 3000 4000
[E %N

Pl 5 BT B T Ak Y LG

A B B AUC f Ak 7 i 3R A b 1 5K
Pt T AT HE LS TR bR . ST AR SO
W R T AE AN HERA A 58 38 AR T 1 AUC
fRla) 8, B, Be bR T 78 X BRI AR bR AR i A5
BOF o B 5 MRS A EREAS OB AS B ME  IERE A/
TCHR AR A T 5 W P 1 B AR/ JC AR T A T 45 3]
7 AUC B A0 RUBS: 24 A K &2 LA AUC B AR RUE: .
BT T — e BRI AUC RAEHERE,
Jo W A LG AN 2 ) S g Ak T BDORT ) 4 o AR
AUC B AR AT 4k . % T 32 4 22 1432 16 1 B

oy M AT T 4R AE 20 2 o] B 14 70 6 4% W] B iz Ak
PRI ARG . o 1 SEBRR 2t — 5E  T— A
M R PR B A I N OGe?) [ =
O(nlogn) . 15 DN H B4 LI SCHm 4 R BB T
JI $ 75 1 W Pk

I3 — 75 TH] » AR ST 1 IR i /N P AR 56 A 45 T
P 2 TR AR R T UL A 28 3] A% A1 I P AL
T, TGk B i 55 P g S5t v 1 i A R R R . S A
KM LA R Dy 52 R 4 1R TR 7 2 1 DURE A Sl Rk
A4 3 T 5 07 1) 22— » LA i M8 £ 3 3 1

2 % x ™

[1] Narasimhan H, Agarwal S. SVMpAUCtight: A new support
vector method for optimizing partial AUC based on a tight
convex upper bound//Proceedings of the 19th ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. Chicago, USA, 2013.: 167-175

[2] Gao W, JinR, Zhu S,

et al. One-pass AUC optimization//
Proceedings of the International Conference on Machine
Learning. Atlanta, USA, 2013; 906-914

[3] Gao W, Zhou Z. On the consistency of AUC pairwise optimi-

zation//Proceedings of the International Joint Conference on

Artificial Intelligence. Buenos Aires. Argentina, 2015: 939-

945

[4] Calders T, Jaroszewicz S. Efficient AUC optimization for

classification//Proceedings of the European Conference on

Principles of Data Mining and Knowledge Discovery. Berlin,

Germany. 2007; 42-53

Zhao P, Hoi S, Jin R, et al. Online AUC maximization//

Proceedings of the International Conference on Machine

Learning. Bellevue, USA, 2011; 233-240

[6] Ying Y, Wen L, Lyu S. Stochastic online AUC maximization

//Proceedings of the Advances in Neural Information Processing

Systems. Barcelona, Spain, 2016: 451-459

[7] LiuM, Yuan Z, Ying Y, et al. Stochastic AUC maximization

with deep neural networks//Proceedings of the International

Conference on Learning Representations. Addis Ababa,
Ethiopia, 2020: 1-9

[8] Amini M R, Truong T V. Goutte C. A boosting algorithm

for learning bipartite ranking functions with partially labeled

data/ /Proceedings of the 31st Annual International ACM SIGIR

Conference on Research and Development in Information

Retrieval. Singapore, 2008. 99-106

[9] Fujino A, Ueda N. A semi-supervised AUC optimization

method with generative models//Proceedings of the 2016

IEEE 16th International Conference on Data Mining. Barcelona,

Spain, 2016 883-888

[10] Sakai T, Niu G, Sugiyama M. Semi-supervised AUC optimi-

zation based on positive-unlabeled learning. Machine Learning,

2018, 107(4): 767-794



14

LPFZ A M AR T i B AUC (b B 55 149

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Xie Z, Li M. Semi-supervised AUC optimization without
guessing labels of unlabeled data//Proceedings of the AAAI
Conference on Artificial Intelligence. New Orleans, USA,
2018 4310-4317

Xia X, Liu T, Han B, et al. Part-dependent label noise;
Towards instance-dependent label noise//Proceedings of the
Advances in Neural Information Processing Systems. Virtu-
al, 2020: 7597-7610

Cheng J, Liu T, Ramamohanarao K, et al. Learning with
bounded instance and label-dependent label noise//Proceedings
of the International Conference on Machine Learning. Virtu-
al, 2020. 1789-1799

Wheway V. Using boosting to detect noisy data//Proceedings
of the PRICAI 2000 Workshop. Melbourne, Australia, 2000
123-132

Malach E, Shalev-Shwartz S. Decoupling “when to update”
from “how to update”//Proceedings of the Advances in Neural
Information Processing Systems. Long Beach, USA, 2017.
960-970

Song H, Kim M, Lee J] G. SELFIE: Refurbishing unclean
samples for robust deep learning//Proceedings of the Inter-
national Conference on Machine Learning. Long Beach,
USA, 2019: 5907-5915

Lyu Y, Tsang I W. Curriculum loss: Robust learning and
generalization against label corruption//Proceedings of the
International Conference on Learning Representations. Addis
Ababa, Ethiopia, 2020: 10-18
Jiang L., Zhou Z, Leung T, et al. MentorNet: Learning
data-driven curriculum for very deep neural networks on
corrupted labels//Proceedings of the International Conference
on Machine Learning. Stockholm, Sweden, 2018. 2309-2318
Han B, Yao Q, Yu X, et al. Co-teaching: Robust training of
deep neural networks with extremely noisy labels//Proceedings
of the Advances in Neural Information Processing Systems.
Montréal, Canada, 2018: 8536-8546

Yu X, Han B, Yao J. et al. How does disagreement help
generalization against label corruption?//Proceedings of the
International Conference on Machine Learning. Long Beach,
USA, 2019. 7164-7173

Wang Y, Liu W, Ma X, et al. Iterative learning with open-
set noisy labels//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Salt Lake City,
USA, 2018 8688-8696
Shen Y, Sanghavi S. Learning with bad training data via

iterative trimmed loss minimization//Proceedings of the
International Conference on Machine Learning. Long Beach,
USA, 2019: 5739-5748

Patrini G, Rozza A, Menon A K, et al. Making deep neural
networks robust to label noise: A loss correction approach//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Honolulu, USA, 2017. 2233-2241
Hendrycks D, Mazeika M, Wilson D, et al. Using trusted
data to train deep networks on labels corrupted by severe

noise//Proceedings of the Advances in Neural Information

Processing Systems. Montréal, Canada, 2018. 10477-10486

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

Arazo E, Ortego D, Albert P, et al. Unsupervised label
noise modeling and loss correction//Proceedings of the Inter-
national Conference on Machine Learning. Long Beach,
USA, 2019. 312-321

Wang R, Liu T, Tao D. Multiclass learning with partially
corrupted labels. IEEE Transactions on Neural Networks
and Learning Systems, 2018, 29(6): 2568-2580

Liu T, Tao D. Classification with noisy labels by importance
reweighting. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2015, 38(3): 447-461

Xiao T, Xia T, Yang Y, et al. Learning from massive noisy
labeled data for image classification//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Boston, USA, 2015: 2691-2699

Goldberger J, Ben-Reuven E. Training deep neural-networks
using a noise adaptation layer//Proceedings of the Interna-
tional Conference on Learning Representations. Toulon , France,
2017 1-9

Bekker A J, Goldberger J. Training deep neural-networks
based on unreliable labels//Proceedings of the 2016 IEEE
International Conference on Acoustics, Speech and Signal
Processing. Shanghai, China, 2016 2682-2686

Han B, Yao J, Niu G, et al. Masking: A new perspective of
noisy supervision//Proceedings of the Advances in Neural
Information Processing Systems. Montréal, Canada, 2018:
5841-5851

Yao J, Wang J, Tsang I W, et al. Deep learning from noisy
image labels with quality embedding. TEEE Transactions on
Image Processing, 2019, 28(4) . 1909-1922

Manwani N, Sastry P. Noise tolerance under risk minimization.
IEEE Transactions on Cybernetics, 2013, 43(3): 1146-1151
Ghosh A, Manwani N, Sastry P. Making risk minimization
tolerant to label noise. Neurocomputing, 2015, 160: 93-107
van Rooyen B, Menon A K, Williamson R C. Learning with
symmetric label noise; The importance of being unhinged//
Proceedings of the Advances in Neural Information Processing
Systems. Montréal, Canada, 2015; 10-18

Charoenphakdee N, Lee J, Sugiyama M. On symmetric
losses for learning from corrupted labels//Proceedings of the
International Conference on Machine Learning. Long Beach,
USA, 2019: 961-970

Freund Y, Iyer R D, Schapire R E, et al. An efficient boosting
algorithm for combining preferences. Journal of Machine
Learning Research, 2003, 4(11): 933-969

Wang S, Li D, Petrick N, et al. Optimizing area under the
ROC curve using semi-supervised learning. Pattern Recognition,
2015, 48(1): 276-287

Xie Z, Li M. Cutting the software building efforts in continuous
integration by semi-supervised online AUC optimization//
Proceedings of the International Joint Conference on Artificial
Intelligence. Stockholm, Sweden, 2018, 2875-2881
Agarwal S, Graepel T, Herbrich R, et al. Generalization

bounds for the area under the ROC curve. Journal of Machine

Learning Research, 2005, 6(4); 393-425



150 L2 I S 1 = SR 2025 4

[41] Mohri M, Rostamizadeh A, Talwalkar A. Foundations of iterative optimization algorithms. arXiv preprint arXiv:1804.

Machine Learning. Second Edition. USA: MIT Press, 2018 01619, 2018
[42] Bartlett P L, Bousquet O, Mendelson S. Local Rademacher [54] Liu T, Lugosi G, Neu G, et al. Algorithmic stability and

complexities. The Annals of Statistics, 2005, 33(4); 1497- hypothesis complexity//Proceedings of the International Con-

1537 ference on Machine Learning. Sydney. Australia, 2017
[43] Rogers W, Wagner T. A finite sample distribution-free 2159-2167

performance bound for local discrimination rules. The Annals [55] Hanley J] A, McNeil B J. The meaning and use of the

of Statistics, 1978, 6(3): 506-514 area under a receiver operating characteristic (ROC) curve.
[44] Devroye L., Wagner T J. Distribution-free inequalities for the Radiology, 1982, 143(1): 29-36

deleted and holdout error estimates. IEEE Transactions on [56] Scott C, Blanchard G, Handy G. Classification with asymmetric

Information Theory, 1979, 25(2): 202-207 label noise: Consistency and maximal denoising//Proceedings
[45] Devroye L., Wagner T. Distribution-free performance bounds of the Conference on Learning Theory. NJ, USA, 2013: 489-

for potential function rules. IEEE Transactions on Information 511

Theory, 1979, 25(5): 601-604 [57] Menon A, van Rooyen B, Ong C S, et al. Learning from
[46] Bousquet O, Elisseeff A. Stability and generalization. Journal corrupted binary labels via class-probability estimation//

of Machine Learning Research, 2002, 2(Mar) : 499-526 Proceedings of the International Conference on Machine
[47] Kutin S, Niyogi P. Almost-everywhere algorithmic stability Learning. Lille, France, 2015; 125-134

and generalization error//Proceedings of the 18th Conference [58] WeiJ, Zhu Z, Cheng H, et al. Learning with noisy labels

in Uncertainty in Artificial Intelligence. Edmonton, Canada, revisited: A study using real-world human annotations//

2002 275-282 Proceedings of the International Conference on Learning
[48] Zhang T. Leave-one-out bounds for kernel methods. Neural Representations. Virtual Event, 2022; 1-9

Computing, 2003, 15(6): 1397-1437 [59] Sakai T, Plessis M C, Niu G, et al. Semi-supervised classifi-
[49] Liu T, Tao D, Song M, et al. Algorithm-dependent general- cation based on classification from positive and unlabeled

ization bounds for multi-task learning. IEEE Transactions on data//Proceedings of the International Conference on Machine

Pattern Analysis and Machine Intelligence, 2017, 39 (2). Learning. Sydney, Australia, 2017 2998-3006

227-241 [60] Amini M R, Usunier N. Learning with Partially Labeled and
[50] XuC, Liu T, Tao D, et al. Local Rademacher complexity Interdependent Data. New York, USA. Springer, 2015

for multi-label learning. IEEE Transactions on Image Processing, [61] Usunier N, Amini M, Gallinari P. Generalization error

2016, 25(3): 1495-1507 bounds for classifiers trained with interdependent data//
[51] Pensia A, Jog V, Loh P. Generalization error bounds for Proceedings of the Advances in Neural Information Processing

noisy, iterative algorithms//Proceedings of the 2018 TEEE Systems. Vancouver, Canada, 2005: 1369-1376

International Symposium on Information Theory. Vail, USA, [62] Hardt M, Recht B, Singer Y. Train faster, generalize

2018 546-550 better: Stability of stochastic gradient descent//Proceedings
[52] Mou W, Wang L., Zhai X, et al. Generalization bounds of of the International Conference on Machine Learning. New

SGLD for non-convex learning: Two theoretical viewpoints// York, USA., 2016. 1225-1234

Proceedings of the Conference on Learning Theory. Stockholm, [63] Janson S. Large deviations for sums of partly dependent

Sweden, 2018; 605-638 random variables. Random Structures & Algorithms, 2004,
[53] Chen Y, Jin C, Yu B. Stability and convergence trade-off of 24(3): 234-248

MR A, AR 1 AR .
SHF R () EITF 53
BIE 1. 2 y(x,x)D)=0(f(x, X)) +eCf(x x)). M
R . (HHEN
R..=w—0)R(H+
(l*n)@fEﬁ»pPExa.DN[y(xﬂx’)]-ﬁ-

I

N
%EH% Byt —p, Ly(x' T x )]+

HOT
(17 )67 ’
+Ex'*DNEx N‘DN[V(X s X )]

wish

AT R WY BT R A T TR RS T A AR R T B v

A ) AUC 840 RUES 25 #r T B4R 19 AUC B0 RUES , 79 -
— L 5 R R TG B R, A A L 38 AR R
KREL ¢, USR] — N E RN R T % .

it 1. A ¢ JgREFRIAE B ¢(2) +¢(— =) = const. Il
R (HATfEfe R
0 +1—

TrCOl’l%t
2 S

S P Y I 4] R G AR 3 A 23 A AR A AR

Ri. (H=G—0"HR(H+ (18)

T, A
Ry H
R . :nt?*Ex%NDP Eﬁmppw(f(x/*,x*))]-ﬁ-
(A=000" By, Bt [0CfGx0x" ) ]+
70" Byt p, By p [4(f(xTox™ ) ]+



14 % PP 4% -

AR T AR W AUC AL B 5 5k 151

A=m0 By p B —p [0CfG' x0T (19)
By (e x' ) =0(fCxx' ) +eCF 00 IR
A=Eyt-p, Betp, LeCf(xox" )]
B=By p Bt p, [0(f(x ox" )]
C=Ey+-p, Be—p, [/(f(xTox DI=R(f)
D=E, o By p, [/(f(x'"ox )]
Y =Bt —p, B, [0Cf(x"x D H0Cf(xox" )]

=B+C (20)
HEHUED]
A =Eut g, By, [0CF(x )]
_ Y (xhxth)
—But o, By g, | L] 1)

JEH A A
o, LX) ]
=Byt —p, Byt —p, [Tt =+ L0+ Tt s 0Cfx 6" ))]
=0+ Byt —p, Bt p, [1X0Cf(x",x""))]
~ 4+ e ~ /- —+

Eitop, B

=E.+ ~Dp EXV+NDP
2ol A

D=E,~p, Ev—-p, [ﬂ%’m] (23)

HReo. . COAMKXCHR/ARXAD . H
Ri.=n0"A+(1—m)0 B+x) C+(1—m0 D
=20 " A+1—m0" (¥ —C)+x0 C+(1—m0 D
=10 A+ 1—m0 Yy +(x—0" +ro)C+
(1—m0 D
=(x—60 R (H+
(1—m0" Eyi ~p, Br g, [y (x"yx )]+

7r62 By —p, Bt —p, [y (X" ox™H ]+
1—0)8~ o
L—éﬁiﬂh~a%EXN%[V(x,x 2

MR- AT AR B R X0 5] B 5 4 iE .
SIE 2. W y(x.x)=¢(f(x,x")F+0Cf(xX x)), N
R. (HATEN
R. =@ —x)R(H+
70~ B p, Be o, [y(xT,x )]+

A
0" =
5 Bt op, Brin, Cr(xt.x"H ]+
AL
(1* ,)67 — /-
B Be o [y T,

Hh

WAL %G EAIEM 5512 1 AR AR .
R =n'0" B+ —p, Byt p, [Cf(xTx" T )]+
A=xD)0" Bt o, B —p [Cf(x"ox7 ) ]+
70 By —p, Betp, [0(f(x x" ) ]+
A=x)0" By Be—p [0(f(x™x"7))]
=70"A+Q—7)0" C+x'0 B+ A—x)6 D
=70 A+A—2)0 ' C+0 (y—O+U—2)0 D

=70TA+ O —2)H)CHA0 y'+1—7)0 D
=" —aDR (N 70" Betp, Bep [¥ (x"x ]+

70"

2
a—=)g"
2
He,AB.C.D #l y' 2 X518
F ol A
Hit 2. A ¢ IXFRIE B £(2) +¢(—=2) =const. Il

EX}'\‘DIE MD[}' (x x‘)]Jr

E. ~DA\‘,Ex' ~Dy [Vﬁ(x ,x’ )] (25)

LIEMI R . TEER.

R. (Haffafeh

R. (H=@0—)HR(H+T

~ 5 R [A] 0 21 5% AR UE I UL SCiR(36], 45 A 5
e 1.2, 0] IS5 eyl 1,

J;(T const (26)

MR B. AR EAMREEURE Mz bR E B

AR5 A8 Rademacher & 4% B WIAE &, L . 77
TN BN A R R R AL R B S BB AR . R T e R
W [ 5 L o (T A5 5 R R I3k 4.

x4 BEROWHPERANFSERT

7 (B
S ER/GEAETE S
S 5 SAUAES ¢ NREA BN B s 48
n BAEAE S A&
X BARLE S i — D AEAFRIE
T B A A e
5.8, AR G B 4R
N,.N, N;=1Sil.i=1,2
N K S wyREA it
X Btk S i — AN REA R IE
Y BAE S M — A REAARZE
Z Z=X.D
Vi S BEFINE AT
Wy, TS TV A E
[ Ve | Vi W RE A i
xX(S) S 14 FR g 0 5
A 2Bk
Ss Bk AR R 24
F s 2k
B, PNBa.sfs o F iy +4
P Rademacher i /175 &
d.y BRESH
R,S) S AR K BB ¢ TR B S B iR
R Rademacher & 2% i
(PYE FEALAE Bt X 35K
By I X1l b5
B, PN A NS
L 5 2k BRI ¢ 1Y Lipschitz & %
" SGD 5 ¢ 5 )3 ) %
at () IEREAR IR E S E
a () FREA BT TS
az (1) TeAR R AR 1 R g M S 5

BEH 0 MR EIR RS Se XY, KAk .
7L11‘/1‘Y£7|¢7FF|/‘J7§&E5}'11J7‘771 o H et L iBD RS At . A
PR L A IE B B R B X



152 it =N Bl 2 i 2025 4F
ANREA BRI . RRTFTERRIRE S T:S —(S,.S, ) € x* AN SO AE IV RV ARG IR R R R

XY JE R B0 42 B T WA BT B DI 2R B0 4
Si={(X,,X, »+Dlis,i €[n])
1
S, ={(X;, . Xi s +D iy in€[n])
4 X FRHEARE E WS MREANE R Sy BB R
(X(-+,XL)SZJ:EI"J%EC%J(X,WX,: i Yo X, bR %
HZ=X, Y). #H.4 N=[S |.N.=[S.|. &5 F
BN =n"n ,N,=n"n",
BB I BEHEALS .S, b FuH B ARTE T MOH B 25

G S s AT IR € F X oYL ma Bk
BB S DR fEREAR Z BN B A
Fe?U(f):Es[ S D S z>]

T Sy S, AHE AR # . Rivo () FEIE M 7 A8 B2 i, )
WL A IGREA X = (X, X, OMX, =X, . X, DAl figdt
EHFE B Wi =5

N 51 B 3 R B AR RRCHE T E AES . AR
Re— PR B L Y BRSO M S AR NS S,
N FRIRHA N3 N.,

Z e BG4 S RAR AR L 7T i e T — SRR
G=V,A)  Hhy=1{1,2,- N} & S YRR R EA  4F 5%
HiME A FoRREAR B BRI R . WL REAS 2 Z, 0
LRy TH A 0 R G ORTAR L 2 N AR . 4 E AR R
Ja o LAY,

ENX 1. 4 ¥0% 55 (Fractional cover)
A THEFEI (Vi Ve s Vi) LKA
@, s s VAL Hi

(D) X F A ks Ve H 2 —
Ui =V,

P 1 o M st
14 AE )Y 5 { @, s

£ Al AH 4B g 3L B TR A R

K
@) VYie Vwak]I[iE V=1, Hd w0,

ﬁﬂ%XJTFﬁﬁTﬁﬁ Lk T%"FEULJ * A R 43 BB
TR IE M Y (proper) . I X 4r $UH 6 A AE M i SCHER
L63IPRIE . 6 A ST AT 5 B AU H IR IE Y 0 B 35

EN 2. ¥ a5 (Fractional chromatic number), &
GHY 4y B @;ﬁmg)mXﬁZwkmﬁd\ﬁ

k=1

T B G5 M 4 S RIS T o B (U (O FR
HAS)

LA TE YR 35 Cwr > Vi) Fioy L BCE CFETH A5 1 1Y
FEMLAE & Z, A AR Janson 43 ff BT

22, EEMW[ZGV;]Z Ewkzz

i=1k= =1 6]/}\

SR AR A% ik 22 0T A T A Sy il 7 AR 2 ARG
RO T TV AL 5 A0 A 4B T, JH P SR T 7
SEAR g Z A BEAT I AR v AT R LUGE A . B 4 0 TR i
Z e e b S B AR bR o AT DB AR AR B B
e L CEZH S W ICHRI60D) o %70 il ff 515 T )5 SCHY 2

27)

th&‘*

BTk 51 A5 Rademacherfz’w
KR BE Y R B BRI A BIE 4R |

BB R Rademacher

ENX 3. 4% Rademacher 52415 . 2 {(wi s V) I HEL
PE4E S M9 TE X440 B 35 . 43 %k Rademacher 5 2% J% & L UNF
(28)

%, (F) :2{ B Bo [fg;f);wg,fo?,. ) |

Hi o€ {—1.+1)V AP =—D=Pe=1=1/2 [
37 Rademacher 25 4,
A I, 256 /0 30 Rademacher & 24 1€ XUWF -

%?(F,S):;%‘“E,[?g;f)l;o,f(f(,)] (29)
K F A (S By A AR SCHRL60] . 4
(8)) =max(nn") (30)
U
| % (S;) =max(n",n") 3D
BT ERME S AR E 2 WA BTSN W LS B R (O

O S E R ZY P =3 I B I M B (=2 LA E
EIE 3. BIMKEE 0 LR R B, MSHEE 6>
0, AR AEXIER FE FUED 1—6 MMER AL
Ry () =R (f+S)
<U=—)RI U F)+aR2 (- F)+

5 %% L 15

X (S log2/6 X (S:)log2/6
2N, 2N,

B 550

R B ST 2% B ORI AR R I B 2
O((1—a) /v min(n"yn )+a /v minn .n?)),

(32)

BRI
i C. Rk

TEEM S N TALE fEFHHFE—S LR, Wik.F
o S IR LA BR ] T R R R RIS AR U
o) 0 T B — A R AR KB, AW LR &
MEZR T T Hor . b b i 0 BB R R B L2 ) Sk A
AR 5 RS ARD BRI B . HBEHLYE AT RE SR B AL
BEIRIEE AL, 835 0 SGD 228k 1y N L R REERVE .
TARENAL O R R R B AR K B, L T R 2 2 Bk Y
— SR E DY L BN RN AR A A A

WE R OL T 2% 2 5k MR R e T R BN AR
X 2 S SR S . K s R I IR TE R S
(. AR SO IR R R B R L B £ (X)) T By —
LR wT X, Herh o w B S R PR AT LR LR

FXD=(fX>=w'X,,VfEF.

P2 WB AUC Ak ) 8 rp, — 803 $ka e e L .

ENX 4. —FHSE0F & (Uniform Argument Stability) ,



14 % PP 4% -

AR T AR W AUC AL B 5 5k 153

WS ={ZZo s Zi s ZL Zivr s ZV S SAUEESS @ A
FEALL R M BHREE . 5 F FEar () va- GO A ae G AT
B S~D' fE€FULKEAR iy FEEA i RITCARFEREA i B
JE UL AN S W2 S 5k A — BB Bk E 1

Balllfs—foe [1<ar () s
Eallfs—fo-1<a- (),
Ealllfs—foiz 1J<a= G0 (33)
He,ar () sa (1) sax (1) >0, H
Ifs—fsill= " sup  [<fs . X0—(fa . X0 (34)
Xex: |X[,=1

— BB RORE R U B b BN 4 B BT
S BIM SRR fs MM ML . SEBR b BORE BB
H— N e I E s fs BT BB B B afs » UL T
CAEZY i

S 3. HUAM B B AR AE 25 ] Y AE R AEX 1Y
RIX |, <B, #% I WA HEE H LR o ().
a (WA oGO T BEBFEESK v>0. 6

PUBufs —Basfs|<pG)/2B,log(2/y))=1—y (35)
Heor gt =+/n"dt (W) +n o> (n)+n"ak (),

‘LEEE %IA@%?}‘E?&UD/:E(EAfS‘Zlvzzv"'
E<EAfS|ZI9Zz v"'szfl)ﬁﬂ‘uﬁg‘Euu—F%/%:

s Z) —

Eafs —Basfs=>, D,
t=1
LUESH

.

2
pon
t=1

DNEEuSs| Zi Zo v Z0)
t=1

2

_E(EA,/S ‘Zl qu 9 0"

VN EEAfs —Bufs | Zi s Zo s ZO |2

OV EUBafs —Bafs || |20 Zo s Z0)?
t=1

VBB fs— fs || 20 Zs e s 2D
t=1

<B;(n"a (n)+n o~ () +n"dk (n) (36)
A ntdh () +ndt (m)+ntek () =g (), 1] 15

B An/nteh () +n ot (n) +nfak (n) 37)
PRI o AR SCRRCS4 1Ry ap i 1.

P Bufs — Basfs |<pG0 /2B, log(2/y )N =1—7.

TEEE.

I3 KU ELfs LR L e W BB ofs BHE .
FEF I WA AR AR S R R R R R

EN 5. AR (Algorithmic Hypothesis), fifi f] &

BEEZE y>0.40 r(is ) =BG/ 2B, log(2/y) . ¥ F—F

SRR E B2 2 B AR e U

={fEF|f—Basfs | <r(n;y} (38)

HETEN R BIET 3 EfEBELLU 11—y W

WER S . FLB, i R AR 3 AU SR R B fs [ B 2 &R

9'1*1 ) Ha.

wiE e pron, EFU, R REB mAEE MRk F. B1
180 Rademacher &2 42 % %€ LUNF

Fh A i i

& WERREAfs

Bl 6 R FE 4R35 (Concentrated hypothesis class)
B, 136 F LA S I DL B8 5 30 B B e Y 1X 1)

EX 6. H kAR ¥ M 4 B Rademacher & 2% J¥ ., 4

{Cwn s VO Vo B SE S 938 Y/ Bop 36 . By S kR —

BEEFoE ) B R BRIE N B, . W B, 114 % Rademacher
SR E LN
2&9(6)— S EsE [ sup Do f(XD] (39

f€Br icy,

5 4 HJ,‘R‘(B )EI’J A LB AR D95 SEAE R L Al
EFE4 4 <(w,,Vk £k B SES 13E 2 O
ISR Sy 2 4t LR AIE 235 1) i A2 (I XC (1, << B 1 5 JR A1 4
Z3 i) Hep B, >0 ’ﬁﬂl H¥JBER-BZHRBEM.
e B, R BB W23 L Rademacher & 2% JiE 1 &2

R (B)<B, G 2B, % (S)log(2/y) 40)
WL R E X X M (27) P Y Janson J3 A

S wi | Vel [ 1 (X }
‘R”(B")*‘Z{ N EsE. s;ggm‘;wm.f DD

E X

R (B, V) AESE, l:suplv | Dleif X ]
k

i€V

" (B,)= 2‘”*'&’“%(3 Vo

k=1

WRIG TR (B B R AT 59 (B, . Vo)« KT X
MRLS4]H ERE 1 UERE A
R (B, V)

:Esupm Do f (XD

/€8, o

=E sup DV (f XD =0 (Basfs X+

1
res, | Ve ‘iévk

(7:<EA s‘fsys(v )

<Esup 3,7 Ea (fo XD —(Basfs X))
/€B, Vk -
=Esup |V | 20 (f—Ey4. S[SvX >

f€B, k

i€V

<E*“BPW||\f Easfs| - HE"X H

<Pl 2,



154 it " N &2 12 2025 4F
[©) r( 1/2 =
@ X012 (¢ oBH<L - %?(B,.)éLB/ﬂ(n)\/ZB/X(SIﬂog(z/y) o
& N,
<B, 8(n)/2B, log(2/y)<|;7k‘>m 42) TG B 95 (¢ - B AR EL 3 (43) BIVAT 1E W1 3% 58 B -
.
Hop fy F A RAARESS MR 800 B2 ks ), 2 (42)

HORSES (o) B (FE L SCRRES4 D) F AR A D , 7] 15
9% (B)<B,p()v/2B,Tog(2/7) 2‘“‘”}* <\T1|>”

E:wk
k=1

N

:Bf‘g(n)N/ZB/X(Sllijlog(Z/y)

Hodr AR5 Jensen R, Ll RS (DT,

)
<B;B(n)/2B,log(2/y)

IEEE.

MR D, ASTE A RS B — B B A GE R L uERD .

455 TR0 73 B Rademacher 52 4% B D) N 78 T8 46 41
RV s BT DAFRAS S S — 5 R 5

MR IE SCER 5. 119, QLo A B A 15 A 300 - S E
A SR T AN A B — A R R Ay 20, B 1
B IE AT

EE L EXR. RIEEHK R L Lipschitz %22, 4
ABHE R TERX . AR TB, . B¥ A0k AR — SR
B4 o> T 0>0, L F ARG EDL 1-20 1
BE R BT
(6a+8)X(S))B, log(l/é‘)

R+ (fs)f R+ (fq;S)< ,\/
3N,
8LB/ﬁ(n)N/ZB/~X(Slgflog(Z/(?) c
Ny
. RO RE
I?Mfs)— 4 1?‘,<fs,s>
1 K
[ ZwkZﬂf%,Z)} - —Z D S5 Z)
1 iew a—1 N = =
K w ‘V ‘
_ 13 k
= (ESW‘;};Z(]‘VZ) I‘V‘E/(f<92)>o
FSCk[54 ], LR AR E AL 1— 26 BIMBER BT
s 7. 7,
/s:g(Eq‘V ] EZ([ - \v ™ EEV/(f ))
QD BARD L st o8 .
3
SNl
R (fO——"5R: ([,
<Zwk‘V» ((6a+8>B/10g(1/6)JFS‘R:(/“B,-,V;:))
3V
:(6a+8>x<§w>Bflog(1/3>+8%§(€OB'_) (43)
OIN

R 1 2% R B L-Lipschitz ¥#% 2, AR #if Talagrand JE 45 5
PR R ¢ o B, 1943 %% Rademacher & 2% Ji

BESR E. BEALES B 5k B GERL 2 B3IERD .
AT K o g 25 e N T BE PLEE B R R (SGD)
Bk, B SGD 2 — S8t . It m it 45 W pGo
By B |5 SRS T LLAS B SGD A3 By 28 AR A0 KU R
AR T 434 R L TR s PR
EMN 7. sV (s-smoothness) , 5 A fl 45 2k s f s o)
XA S € F YR LUR S 40 WIFR Iy s P31
IV e Cfsd=Vpe(f s [ <slf—f"1 (44)
BT RA W SGD BEM o (1) va GO o= () FH

S|4 BREMAEE SO Rs-TFBEMNWA
IIIpSCl’lltZ LS, ﬁSGDﬁ/fJ:ﬁ‘T T 4, Ho% 3 Rk

- 2LB, <
EBalllfs—=fsis 1 ]=ar ) = n-’/Znn
=1

- 2LB, <
Balllfs—foim 11<a 0 <=2 30y,
t=1
2LB, <
Balllfs—fois N<a<=25 30y,
t=1
. A8 Grae GGl GRS TERRSE S F

S F3EAT T & SGD I 7 A& 6 BE 5545, 0 1 0 43 5] g %)
W4 R A S, MRS+ 5 2D 10 Lipschitz 44F 1

Ealllfs—fsir [J<E4[or] (45)

Hob or=10:—07 .. HEEBNAEN ¢ #,.S M S+ PrkkeAs
n n’ :L
nnn® oat

RO MEZR A [A] L T 3 i SGD AR REAR R N 1—1/n"
IR SCHR 62 ] (o F B S8 B% . AT LA H X 55 */FﬁUTéuug
JRSE

EA[a,H]én%(EA[a,]+2,7,1,3/>+(1—%)15,‘ [6,1(46)
WIARMEAE TH .6

214

Ealllfs—fs 1 J=<E4lor ]< Er], 47)
K. SHS A
Balllfs—fs 1< 271;{5’ S (48)
Xt S # S A
Bl fs—fve =222 S0, (49)
- JE .
g o ) va GO AT a- G B A LL I B H pGD Y
SR A E] G I B A
pon=2LB,/ L+ L4l

£ v | PER T I D 2 AER i



1 % PP 4% -

AR T AR W AUC AL B 5 5k 15

(921

JIANG Yang-Bang-Yan. Ph.D. .
lecturer. Her research interests include

machine learning and computer vision.

XU Qian-Qian, Ph. D. ., professor. Her research interests
include statistical machine learning and its applications in

multimedia.

Background

The Area Under ROC Curve (AUC) is one of the most
popular evaluation metrics for classification performance
which is insensitive to label distributions and misclassification
costs. Seeing the inherent advantages of AUC in dealing with
imbalanced data, there is a large amount of work trying to
directly optimize AUC, especially under incomplete supervision
where only a limited number of data are labeled.

Existing semi-supervised AUC optimization methods
usually assume that the labeled data is accurate. However, in
many applications, we must simultaneously face insufficiency
of data and inaccuracy of annotations.

Motivated by this fact, we present the first trial on opti-
mizing AUC under the context of incomplete and inaccurate
data annotations. More specifically, we show that the symmetric
surrogate losses are noise-robust in the semi-supervised setting
under certain scenarios. On top of this result, we construct a
robust semi-supervised AUC optimization framework along
with the induced empirical risks does not need to estimate the
noise rates. Taking a step further, a tight bound of the excess

risk is presented to show that a model learned from a suffi-
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ciently large given training dataset could generalize well to
further unseen data. Practically, we propose an instantiation
of our framework with the Barrier hinge loss. To speed up
the training process, an acceleration algorithm is developed to
reduce the complexity of loss and gradient evaluation from
O@n*) to O(nlogn) , which leads to up to 200x speedup in the
experiments.
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