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Abstract  Deep learning models have achieved superior performance with a large amount of data.
Such success usually depends on complete label information in a fully-supervised training style.

However, collecting all the labels can be very expensive. Consequently, weakly supervised learning,

Wk H 1 :2022-02-09 5 7E LR KA H 91 : 2022-08-27. Z PR 52 th BHBL G187 2030~ —FC A L4 ik H KI5 H (2018 AAA0102000) | F 5
A SR B} 253 4 30 H (U21B2038,61931008, 6212200758, 61976202)  rf ok i85 15 HE A BHIF Al 45 9 % 101 9% 4 b B e 75 25 &5 G103 H A B v [
b2 BE R 1 58 S B % 5 (XDB28000000) ¥ . X B9 . A+ W 53 4, i W S WL 2% 45 (CCF) 2% Ak 45 B, F BERF 5% 7 [ Ry 59 M 2 ).
E-mail: zhaoyunrui20@mails. ucas. ac. cn. W EFEGEGEEZ) L 0158 51 P E AN S (CCP) %2 5t . £ B HF 74U N Ge it Pl 4
2 ) J HoAe 22 R U8 A9 2 . E-mail . xugiangian@ict. ac. cn. ZEPAFBE 1L HF 58 2L, f BT HL2E S (CCF) 22 25 B, FEWF 58 05 1
M HLE S S L. B RK B GEAS 12 T B 082, o AL & (CCF) &+, 2 BLHF 5 93800 22 A58 L RHR A E L 3F
T SE A R ). E-mail: gmhuang@ucas. ac. cn.



2668

Y,
&

it B il

which aims at learning with incomplete, inexact, or inaccurate supervision, has attracted the
machine learning community in the past decade. One of these real-world applications could be
Positive-Unlabeled (PU) learning. where we have to train binary classifiers from a few positive
examples with much more unlabeled data. Current state-of-the-art PU methods rely on the
ground—truth class prior (i.e., the proportion of the positive samples to the unlabeled data),
which is hard to obtain and needs to be estimated in practice. While previous studies of class prior
estimation mainly focused on traditional machine learning models, few could deal with a relatively
large-scale dataset or be applied to deep learning scenarios. To solve such problems, we propose
an iterative framework for deep PU learning and class prior estimation utilizing an unsupervised
mixture model in the paper. Specifically, positive and negative classes are supposed to have
distinct predicted score distributions intuitively. We investigate and demonstrate our intuition and
approximate the score distributions by a Gaussian Mixture Model with two components. Each
component represents a relevant class-conditional distribution, and the positive weight could be
approximate to the ground truth class prior. We further incorporate techniques such as mean
teacher and temperature sharpening from semi-supervised learning to stabilize the whole process
and boost performance. Our proposed framework could estimate the class prior and learn from
PU data simultaneously, achieving well-matched performance with other PU competitors based
on the ground-truth prior. Experiments on three benchmark datasets (i.e., MNIST, Fashion-
MNIST, and CIFAR-10) and one practical application (i.e. , Alzheimer) validate the effectiveness
of our framework. Our algorithm reaches the accuracy of 94.66%, 95.16% ., 89.98%, and
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73.20% , respectively, with limited labels and unknown class prior.
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ZRA AL B AR Lo I {88 A6 B2 S 1) £ 5 530 0k 08
B e. ERL BRI E AT HE L ssiis 3
PBCEACYUCEL. $5 T SRR AR BT $2 HE 22 1Y 45 > A
AT IR AN 4.
3.3 PUZEIER
PU 24 2] e e 11 53 NI R B0 als vh 27 ] HOg ey
SIEPN. BT N ETREME M 8ok
fr s IE ST fTE PU B4 E3EAT IRy A0 4L B A5,
KOG T 25 BB 2T Ak B AR Ry o AT

AL O A [ 2 3 B R I R R AL
R;NZTTPR/PS++7[’1\VR?\.:7 (10)

Hp Ry = B [0(f(x;0). D IRREEISE A
AR BINY RSB RY = B [0(f s

o) ,O)]%ﬁﬁﬁﬁﬂ%ﬁ*4%T$$?ﬁ?ﬂﬂjﬂxj<ﬂ’1%‘§£
i k. 78 SCAR i T . X (&) oz gl 2. X, 5
Xp BA A S 03A pp (o)L B AR IR 2256 X
[ f /MU JE ] (Empirical Risk Minimization, ERM) ,

Rif: E [0Cf(x;0) D EXLF RS AL

*ETEJ‘:(S)) Xru IﬁX I_Jé?}’%ﬁ ?EUF%J‘%/?EIJ_
Ry = E [0(f(x;@.—D]
=1.R5 +ryRy

B AT I, e o RS =Ry —mpRy AT HRG,

(11
:xe@m[é(f(x;
© .0 R = B [/(/(x;0).0) Bl
i BN, i AR Ry 55T PU Bdls i e fiifili i1 BP «

R/PU T[PRf N +R§U ﬂPRj:i 12>

A QBRI R BRI 0Co s W ¢Co s D +0C+ 00 =1,
4R =1—R; o B2 AR 12 .5

R rrpR —|—R§>U —p +n'pR o (13)
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Hop R AT HHE Ry ARy, TR A2 R
T R, A SRR T 15558 e i

TR 28 0 445 EAT SRR (9 0 4 BB A B2 R
Y Grsd A oy R B AL Ry, - DLE T2 F RS
TARA N T 00 SE S F Ry =0 MM, K
T g 5 (13) B A $ 20 o

Rl =mpRe T +max(0.Ry, +apR0 " —xp) (14)
7 A 242 1 A B4 2 BB B PU 2% 3 o 1
sigmoid 12k, Bl .

1

€~'i;1moi (A7 ):17 N (11')
st 2.2 1+exply «(2y—1)] 7
E?j? + C sigmoid %E ? sigmoid (e, 1)+ ? sgmoid (+,0)=1.

bt B e HESE b PU 22 J BRI A AL H AR

Rmmoid _ ﬂpR ;jlgzmoid -+ T max(0 7Ri’>{?mmd. +

ﬂpéiﬁg"mid.+ —p) (16)
i b AT R 2R BISE 8 o R 3 KT PU Bl
To A RS Ak T 25 B OGS SR . SEBR N S wp
AR A X B PU 22 BTG IR s 1R b
W A SCBEH T e g Al AR
3.4 EFZBMEITER
8 391 5t 9 Ak A5 A A ] 28 3] 43 A 1% RT3
TR B P 22 I 24 P il 2 AR 18 7 5 38 5 el 7 S s O
BA3 ) GMM X4 A A i) T 43 $5 i 47 T W B =X
ML, X GMM b B8 55 K1 v 8 i 4 » B B AL
AN PU 2 b F 2R 51 e 5. o B4 x
KT @ 1 T 73 B30 W S5 A Pr(y=1]x)
R A AR
s=sigmoid[ f(x;@®)]€[0,1] a”n
TR A AR — 28 0 W B By R Horp,
GMM"“ {4y R F e o0 132 . A XU 3 a2 19 GMML
X U 43 5 AR A I T DL UL TR R B M 4
W 2 Je i LA B4 2 R TR 2R B T 4 5k 5 Rk
F18) T 3 5 5 3 AS [) ) 23 A s 4 Fir s L IR 2R Y
T o3 5 A vh A3 A TE S (B i DX TR T A2 1)

CiEs) B 4745 — GMM

0.25 0.50 0.75 1.00
N

4 CIFAR-10 I GMM & Hi 4 HOR A 5 A 52 61 &

I 53 A TP AT AR 23 (BRI S 1 57 0 331 A g
TP 2R R T R TR i AT P o s T A ) TR B
Gy A1 R P AR B R 2 AR N B | ke AT
A T6) 28 531 183 000 53 55053 A mT LA AR A AS ) 0 Ay
22 108 30 43 A 5 T 43 B TR A 43 A R Bl Ry ik
T A P AL B X T 4 i GMM
XTI 4350 S WA TN T -
S ={s}" %n,,Pr(.s|y:1)+7rNPr(.s\y =0)
=1pNp ()t Ny (s) (18)
No (D =NCs|ppsop) s Nu () =NCs]| iy o) (19)
Horb B HIbR % v J2 B8 B s BB 28 001 5B 50 [ )
W& GMM N (O RS R G A oy =1 — 7, BE
RN B RN (O IR G REGN: (),
N Co) 433 27 TE A9 6 T30 73 B4 B R e A Y
%ﬁﬁﬁ%ﬁ»/\/‘(ﬂ,&ua):\/;?a (SZ_a{f) >,,u,a
3 1 3 7 A (B0 o 22 5 PR Sy T 26 1 0 ) Kk
BN CSR TR A oy <pp.

P RTGFEXT GMM H i 25 51| Je 56 mop 473K
fi#. 18R] GMM hfd & A &y, i KI5
#: (Expectation Maximization, EM)™ 473K fi.
3.4.1 EMEW

EM 531 32 %2 3 33 1 22 (Expectation, E) #
i KAk (Maximization, M) 5 2 & %40 H = L S2R
BRI ER AT S 2 Sy A e G M. 4> R e B B3 1) i A S K
D= (prpsop s pun o) » RIE AL RALIR A AL HE N L 75 56
Ry AR 38 0T AR AR e B
LDy 7y) =D loglap No () FryNa ()] (20)

<s

B AT A T T2 4% EM SR ) ] 42 4
LS| @ W —Fri L, A8 A8 TR R 4. 4
O =Ly sayns s o e wn’ RoR EM ST
B4 RGEAVE GMM [ 280, N N 2R
L IE RS 0 W L4 EM R TE ¢, + 1 IEEAR
RS HAT E 2D BITFR A8 s RS IHER .

Q" ()=Pr(y=1[s;@"")

exp(*

man Ny’ ()
- (t. ) t) (t. ) t. ) (21)
o N () 4= (1—x IV (s)
QU (H=1—Q) (5 (22)

£ (510 =31 [Q) () log(W' (50 +
seS

QU () log(NU ()] (23)
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BT OR.EM Bkl M EZ KL (S, L RS M e, LSR5 BT SR AE 2R 1) 38X o 2.
BN 0, +1 WERE N SEL 3.5 ERIEREER

@V =argmax L (S|D) 24)
°

7[';:["‘ D — ]:EESEQ;:m)] (25)

(1, +1 :l;nﬂ,ﬁr” (26)

N P

S 2O KT @ 95 U R U A% O T
(2N

(. +1) — 1 Els ()
in sQ
Hp ﬂ;j/inﬂ)_\“[ A

1 5~
(t. +1) — R R = DI A
op" *num—l)}g’s[(é w7

P

(. +1) — 1 a i
mNt T T D (@S["me ip

N

| .
g +1) — E . (. +1) N2 A
0 + ST M " Q 27
Nm T[f’,‘n D SES ( N ) N ( )

EM 836K i GMM i fi U a5k 1 irditiid . E
AR M O R E AT S W BUR T AR 2 S B

A THE 7 p.
ik 1 KRRt
B
S: PU B4k i) 000 43 50, S=[s1 550570055, ]
O XU W LA W G S 4
7 7 : GMM B iR TR & R 8L
ap  JE BB A T E
Ui
£HE
1, =0
REPEAT
2E
R COMEDHE Qi (9),Q (5.
#M &
WX CDOHE o ",
HAEE (25) A (26) 5 7 i
tin =t T 1
UNTIL (80
frp:rr;f'“)

GMM )& F0 73 B0 OR8] 4 B 7 HoAl
R R B (Probability Density Function, p.d.f.)
RECFFE LR AR T0 70 B0 A BT IR 231 1 &
I R PU 27 2 A5 HRI ) 56 50 Al 11 B i) B [+
TAEFEA TR 1A SC H bR BIAE 8 501 5 36 oK 0 2%
THEATEREE PU 22 2] (B Tk i £ I 2 A 0 72 1
T 8 Mk 7T BB Bl 5 325 AR R UG T A 2R 72 0 - T
A R TR g 26 1 4 2 MR R D e A SR T AR

AT R R T I R R R R R R,
A 3 - R O A SR A o R A s 2 B AT 4R B
DL T+ IR BE AR 1) BT AR 30 5B 77 5 05 Ah S & il IR
BRALBEA o I R B A X AT A A A 1) T A R
4 RS R G BROE il e I 2 B T X4y, DT P
(SN v A 0P AU
3.5.1 EHE

S SB O  ER R B A I 4% 6 A A ] Y 2 R
A5E TR R 50 U 455 R0 20 B 7R BT SR AE JE v, A AR B
PUS B PRIREMZEME, K8 h 0. |
PU 2 ) BRI 215 2 ZOM AR ) S5 0 R H #%
16 PU 4l 2z 2] 12 A AL I L 2 50
i EF B EMA 25315 5], /.

O, 1, =a®,+(1—)O (28)
He.0011, -0 1) Fm TR HELEE ¢+ 1 Wk fUR
S R R ORI LR 2800, WA ¢ GEAR I
BRI S8 50 s EMA B3 R0 FOREAEL0, 1]
ZIa].

Y EREAR x, O A4 s f(x; @) T LLE
VEXT 2 A R f (x5 @) ROBR A 3. AR TR 1 R
B T i R R4 f (s @) Fll f(x50)
N2 ELA — B0k Bt 1 S8 00T K 0TS AR () i
1B R MBS B 48 2 AR R I k. B e FEAR x
KFHERAE 0 W B o & LB FAR
RUZ5 I B KR AR, B

¢=max(s,1—s) (29)
SEART B MEME AR Ik B R
R T IR 2 A A TR R BT AR TR e o — PR R
Al E SUH

‘L%:%;EDﬂ@EﬁHUﬁm@)—fUu@Uﬂi@O)

xéX[,U
Horp, 1Co) 878 sR B 240 2 4 F Co) s pR BU(E B
1. Z B 0.
3.5.2 EEHk

il JEE 458 A 108 3o 9 2 U 7 S0 3 ( Tempera-
ture, T o FEAR B I0 286 591) 46 7 23 A 10 £ 5. L B9
MR TR A B 23 2K phe S T A 7 2 o ol o 4R
(9 DI P REAS x 2 BT £ Ce 5 @) 118 T 25 1)
S A FAT AR A5 S 45 2 O K s IR
B 18 FH B A pR RO B A b3 A5 S8 -

T
s

Sharpen(s,T) :W

3D
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L5 TR HO R B R i T AR R EOR . R
X e B AR R A TN S R A IR B Ak IR 4R
AibE Rt SR CIRCE (B

Lshmen:% E 1(c=7) | s—Sharpen(s, T) ||f (32)

3.6 LB

o5 LT T ARAESL By PU 22 ) Btk K H15E %
it AR R R 3k AN A A R 2 i R B Uk A
BRb BB A A H AR

L:R(ﬁm xxxxx ! +A]Lc0n +A2Lshar|)(‘n (33)

nnPU
o, xa S E B R AE 4L 2 kAR BT IR
PU "] FR G e Attt B2 L W Saiik AR AL
KBV T AR a5 ik 2 AR,
Bk 2. AR PU 222 5515654511
A
Xpu « Fif AFFAEHEBE > Xpu =[50 5000 5%, .
X0 bR TE G AR R X = 305005 x,,
a: 3 (28) S 1 R AL
7. 20 (30) I (32) o fY) {5 B [ .
Ars Az A BB (33) h— SRR AR EE B R B S AL
FCoso) o BT 0T J3E Ao 22 ) 245 65 g S 7 ) R 5 ke S5
Oy s O, =2 M B0 TR T 0 TS TR0 ) 400 s 2 5.
i
wp s IER S I AL 1A
O, O 1k 45 i A A BRI 0 S0 AR R 1 2 8
t=0
REPEAT
.8 = sigmoid[ f (Xpu O, ) ]+ sigmoid[ f(Xpy ;00 ]
Xt §"iE A 1,448 7.
AR (16) 1148 R
HHEZ (300 L.
HRHE R G2 Lourpen-
L=R 43, Loy Ao Lrpen
Xf L iz FBE B RO A B L AR 3] @)
O, 1, =a®, +(1—a)O
t=t+1

UNTIL i s i 1R v 5k 30 B (8D

0.0=0, .0,
3.7 ZIHEmT IR

TEXT P SR AE QL AT Bt i B b R E 2 A R
THIEI, 43 02 (1) 78 5 il 2 07 i 2 kAU
HEATIRBE PU 22 2] M 51 e 6 Al 11 30 502 Ak T 5
TR BT AT IR BE PU 225 5 (2) K B4 56 i 6
T B GMM L4 3500 43 550 TR & 4 A s
AT ] 422 A 3 26 501 S 3 30 B B 43 48 3 D A 48 119 1E
A5 (3) AT PR AR 8 By S 452 R R X
AR TBEI A T R
3.7.1 AR vs BLKAG I

S gt TR S ) S 5 A I A, DA AR AT
TS AT S 56 A6 T . 1 T 3 T 28 00 S 1 A (e
HEAT PU 22 2] SR, B OCAl 31 09 BE LI k. B B
IG5 A TR BE AT (1) 2% 2] R 48 78 43, 56 F B 43 45
HEAT B T S5 S e DA B SRR DR A, TETR
JE A 28 T 4 o 005 T R RE R Y 1 43 2 M BB 1 £ T
— R A A = 2 R AR, B
8 45 JCVE N AL T TR PR T SR A 2R ok ] 1%
R AT VR B PU 2% 3 FI2E G e 5 Al 11 A9 5303 0
2, BV AR AR R ) I e TN 3 B AT L
FRA T I 2H S5 S G K T A A 5 v A T A A
— PR AR 3 R PR RE A 4 T IR B PU 2 ) Rk
WIS B Al A A
3.7.2 GMM vs [hFRZE M %

ST An ey A1) U S ik 2R e, Hods
A7 B B 45 A A0 2 G i O AR 4 Hh 1Y T 2 4

frp:% D=0, 5) (34)

X
AT bR B AG T I iEAF & W B, B9 T 908
(FLIE B0 B0 23 K 9 53 A3 2SR e oAy 7 0 23 KK
AT B B 9 28 5 R o3 1 HH S 2 1 A
T s=0.5 BT, SR, b3k ZORAEAEAE L . 5 &
=PI 50 (B A O R s Al /N P DR bR 28 119 1E 26
PN KR v T IR T H S e . 18] 5 JER T

bR w /ol P AR R TR
0.64
[ ———
ot _ | RN TS T YWY \bm:\::'::'r: L) .o amuasapempenny
B
0.27
A

epoc epoch

0 25 50 75 1000 25 50 75 1000 25 50 75 1000 25 50 75 100

epoch epoch

[ 5 CIFAR-10 EA[RJ5 %k (PhhRZE .GMM . A S 80O B 7 BEUI 2k epoch B9 28 (L £k CHp  RZ SO
S5 WS I S s BISZ AR 0t 5 US89 dre /IME AN i R E B E . RO RN 7p = 0. D
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CIFAR-10 b2 T Ph bR 2555 A4 S0 19 = Bt I 25
W AS Ak 3 w1 LR B N R0 AR AR 19 7o BT
BEAREIE B4 AN A T2 Ho i L 1 0000 23 HORE 1k
DA s 2E 1717 38 B T SEAR Y e B UG TR BT B4 N M 22
(Confirmation Bias) """, B8 it 48 & T I 40 3 A
TG 1 FOUI 4SS R f T 43 BORN p 36 W 1) O L. M
Hb TRl SR R b (L 4.5 1) g — 2D LR T AR
TOFR W) oo A AT. M TP B A 1k, BT
GMM {42 531 S5 50k 1 77 125 38 3 K F000 53 5069 73 A
AR A X e 90 A3 W R B 20 A T 0 T e T A3 £k
A R B A /) o o AT R B S AR BOE it
2 IA B 0 A RS ALE & 0 BB A O E A 3t i 12 ) S 3
AT 7 Xof 500 53 K0 5 A1 8 K Al B ] . 18] 5 R 4
Z LA GMM LA K A SC H AR, 9 s
TR S TERE.
3.7.3 AU RS E B By B
IR R EAA N GMM B AR R Al 1t
FHSEm It HIR 1 R4 73 S5tk g L (H 2 H 380
Fem it A RE. A 5 22 =R ., B Y
25 R W AR A2 35, SIR SE I 1 28 SR, itk s

AR B T 3k A R A R A e i i 5 A 2
O R B ALY LRk AR R I S A
— A R AU R AR E BB I ROR R 7 1Y
% v LG AT B AT RO > 5 UL I 1 b o 22 T A A4
/N X UEI T R AR R A R R A5 T R AE 2 B
e T AR T3 A1 o V- B B0 H 2 2R AR AR Y 1Y
fiy S D B R R AR A T I GRAn A8 LLAR I A

BHEE G BRR AR R RE IR 2 19 8 T F — 2
FHCRFE ).

4 X I§

4.1 HIEESFETHE

A SO SLH 15 E AR e s R BB 7
A EME R B (T 5 B0 U s 82 MINISTR
R A R 43 2 i B F-MINISTH 3% 3 ) 4 30 )
B 4 CIFAR-101) il — > 5 b i 50408 4 (BT /R
R BTN 2 IR B AR Alzheimer®) | JEAT T 52
. 250N 14 e A A R RN g o £ ) T
AN 1 PR AR PRI A B R AT AN 41

xR 1 BEE5FTTRERE

Hodh 4 UEX SN WA K i A RSE Tp i 2~ 41 EZ/ 2% F T M 4%

MNIST 60000 10000 28X 28 0.49 1000 150/ 1R A Z AP D
MNIST? 60000 10000 28X 28 0.48 1000 0~4/5~9 ZIZEHLG6 )
F-MNIST 60000 10000 28X 28 0. 40 500 A /AE A Z 2 IBALC6 J2)
F-MNIST? 60000 10000 28 28 0. 30 500 1,4,7/3E L2 IRAPLG6 2
CIFAR-10 50000 10000 3X32X32 0. 40 1000 X T H /3 BRIP4 (13 )2)
CIFAR-102 10000 2000 3X32X32 0.50 2000 A/ BRIP4 (13 )2)
Alzheimer 5121 1279 3X224X224 0. 50 769 Wi R /il R Resnet-18

4.1.1 MNIST MNIST %4k 4 S A R ROSE S U1 25 A A 0 %

MNIST ™ 345 70000 4~F 5 Bl R4 405 B %
LIS A Rl 3 4 43 3 A 2 60 000 AT 10000 5K &
A E R R ARSE 28 X 28 A7 5 1.3.5.7,
9 MAEIFZE B 0.2.4.6.8 fE 1Ak, 83,251
JEB mp R 0. 49. [AEE, ARG PU 22 ) S0 50 %
AR SCREPLEFE T U254 Y 1000 AN IEFEAS . {88 3L
BRAE I 4 T A R 1 e B 1) FE AR R Ry TC b 4 B 3.
MNIST %4 56 ff FH 1 £ T 45—~ 6 )21 2 2K
ML, H RS2 4 4 TC O B 0 4R 1k 2 A B B — A 2
PEZEB 3 5 03— 46 B AE T ReLU™™ 375 bR
B MNIST /N F 5 B ECY AR IE 28, R 2Z 028 171 2.
2581t N e 8w m ol 0. 48.

4.1.2 F-MNIST
F-MNIST $ 4f5 45 J2& IR A B 20 24T 55 F 1)

22 L

AR E M 22 iy MNIST A [A]. F-MNIST %
B2 0(T D 2(E) AUNE) 6 GF2) BUAEIE
KB AE BRI 3GE T L5 L7 GE E)
BB 8GR L9 (BREO AR 7125 0 7p Oy 0. 40, BFF A
PU 24 2] 1) 52 56 3% 28 » A SCHE ML B8 T I 25 48 v 11
500 AN IEFEAS P B AR 2 L I T A% oA ik 95 1) B
AAE R TAR 2 BHE. F-MNIST i i £ T4 5
MNIST # [, 24 {0l #, F-MNIST* #% 1.4.7 #L4F iE
2, 7p M 0. 30.

4.1.3 CIFAR-10

CIFARTOPY 2 —A~H HI T H AR U0 Y 5

@  Alzheimer’s Dataset. https://www. kaggle. com/tourist55/
alzheimers-dataset-4-class-of-images
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THEEAE AR - 1 60000 4~ 3X 32X 32 A EMRAH M. 2
10 Xt Hd B 6000 A EIR. CTFAR-
10 #5523 THIE 0 CRHL T Q%) 8 U AT 9 (R
TOMMEIES A B2 2528 3UHD A . 5
) (6 (D 7 CED MR 2. T Ay 0. 40. S FF
& PU SEH BE A SCHEALE#E 1 I 2R 4 1 1000
AN TEAEAS AR B FLRR 25 10 F0 % Rk 7% R AR AR
hJohR % B s, CIFARLO SR 321 M 45 g 2 B 1R
TR B 22 W 2657 CIFAR10 JUPKE 3 ) BLAE IE 25,5
D AAEDZE g 0. 50 ARZE1 N 2000.
4.1.4 Alzheimer

Alzheimer ¥4 £ I 5¢ T B /R 2% ifg BRAE (19 £ 43
FEARAL SIS T 4 J53k 5760 5 il H 0 4R 6L
1% (Magnetic Resonance Imaging, MRID) , iJl| Z: & i
DA 0 /N3 391 Dy 5121 0 639. Gl 6 B 7, AD
A 4 IR SR B A dE ARSI R (Non-Demented) |
BRI S (VeryMild Demented) | %% J i % (Mild
Demented) Fl & BF i & (Moderate Demented). H
o ARGR SRR I MR AHE. BT E M2,
EHEES AD Z [ AFE—Fhad BERAS  RAE 42 2
TAJN T BE B A5 (Mild Cognitive Impairment, MCD).
PORZAE T MRI 5 A TG 5 281 #8 70 MCT % i
PRiZ K AD™ . [H I L Il 2k 4 v i w0 SR 0 A
TR R A T ] e PR 2 W A TE R A T A GO R
() MRT 55 fg e A AH 22 T L b [ 41 B T J6 A 25 2K
5. A SR ImageNet Ul 25 J5 1 5% 25 B 2% Res-
net-18"“ ff Jly Alzheimer % 4f 45 ) & T W 45 , Ho o
AR R B8 — 85T Ry 3X224 X224,

BB (id: 90) B Gd: 75)

FhEERIR (id: 50)

BREEHIR(d: 104)

6 AD [ 4 9 & R By BX I MRTCHE % 2/ 1
MRICE )58 o & /) MRICH E) + 40 A 8D
4.2 FEHigkR
T4y )R] AR R R AR LS AR 28 1 IE B DA AR

RUFGOI (0 TE A 5 75 R0 53 Ry 4 R EATE D, 23 0l 2 A
AR (1) 1E B 3 00 A% 1E 2§ (TruePositive, TP) ;
(2) IE B Ho 3500 1%, 171 28 (TrueNegative, TN) ; (3) 4
15 b T A% 1E 26 (False Positive, FP) Fl1(4) £ % Hb
P i 712 (False Negative, FN). 3£ F ik 4 Fitiig
DLE SCUAR 4 ZRPEHr 4848 73 il S VA %8 (Accuracy
Aceo) K i R (Precision) . # ] & (Recall) fil F1-
score( f1).
(1) YRR 2, 52 B30 30k Tt 0 ) 4 F 0 2 B D
ARSI L SN E AR AR E S
TP+TN
" TPITN+FP+FN
(2) K 2, BT 245 2R A 1F 2 o, T 1 B 1)
BH G .

Acc (35)

TP
TP+FP

(3) A1 [ 3, RIS AR A5 Dy I 28 v TN I A Y
A .

(36)

precision =

TP
TP+FN

(4) F1-score, f& ifff 2% A1 3 [8] 2 ) 98 Fn 3946,
FL25 5 VRS 0 SR A 1R, JE PU 2 2 (1) 5 2L1F
IEiR

37

recall=

__ 2X precision X recall
precision+recall

(38)

i

4.3 AT

T HE J5 1 B F R B 2 S HE 4L Pytorch S8 BT
A LI TEGeForce RTX 3090 |47, MHaff GMM
AT TR 5L A5 5 SR 13 20 X T 41 HE 28 11 2 A B R 0 A 7
5 AR I Y 2 (warm up) o LA £ 470 46 T 0 43
B2 S A oy A FE AR W] Ay 33D S E A AE
MNIST ., F-MNIST, CIFAR-10 #1 Alzheimer f9 B
54351k 0. 05.0.05,0. 3 F1 0. 3; 111 #8 2 K A, K HL
ARZIR KN, RIBEE DI 2550 UK 38 i, (B2 7 DA
0342 1. X (28) I -F 1 R « B 0. 999,35 (32)
PR T ¥y — 10, BAF BE SR « B0l 0. 8. J&
HEEAR R W G 2P K BB Se-4, Alzheimer 197
G KWk Le-4s 6 I 25 i B2 vl A Adam I 1k
20T R4 5% B KR WE #% Cosine- Annealing LRM® %
AR AT IR Horh, Adam P ACEE 080 R ECH Se-3.
SE v £ 10 U1 254t /D (Batceh Size) Y15 B 256,
1M Alzheimer BYIZRAL /N 128, S T PRIE 52 56 Y
HERRPE RN AT BV By I B Ris T i e — 1
B AE i NumPy . Pytorch, random #7 #E )& . CUDA
ERIP R EALRN . T A LR AEBENL R 0~4 FE
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525 WHEAT » IR0 % SR 7Y a2 A A6 TR 7 56 ik 4R
- A 3 i e I RS I % ST s 1) 249 BN v 22
4.4 LI

4401 XTI

(1) supervised , B\ W 2% > J7 i B BT A Jo b
BREAESR ). T PU 2% ) th AR S AR H 11
PRI R TR TE R EBIECH S BY 0y >0, R ALK
A TR R X T b 2 H g AT R SR AR BRI
MBS X— X, T Il b BB A B 0, A B AR 2 4
T, 5 E AW A TEIR R 2028 W 2 2 U 2k
. AR B PRARE T BE 28 AR 2 B P Ry AR ] 2
YR TSI A T #1275 (Label Noise).

(2) uPE J& PE" 5 wPU™ gy 45 4. PE i 3o
SEPHE 2R S R A R I 2 () A 20 DL Al T
Ja e, Horr , Pearson BRI i B _E A % % [A]
i 22 5.

(3) nnPE J& PE 5 nnPUMI 454,

(4) uKM1 f& KM19% 5 uPU # 45 4. KM1 #1
KM2U 3 7 A 4% A AR AR A% 2 )L FE %4 i) T
TR AR A A S 1R 5 23 A A% 1 BT AR T i /)
AU TE ZE 55 20 A I A% 1 A BB B, 4R 380 A A 1 A R AN
Fa S il .

(5) nnKM1 & KM1 5 nnPU %54

(6) uKM2 & KM2 5 uPU W45 4.

(7) nnKM2 J& KM2 5 nnPU 4454

(8) uTIcE /& TIcEM 5 uPU 4k 4. TIcEN
8 AT — B0 7 10 T 2 b A5 M A S L S IE 2R AR 45
PR S JF A B T R A 2R SR L 18 R A IE
SR 25 W 8 B I Bt - 1, DT (1] 422 A S 1Y
IE PR AT Tk 1128 1 S 5

(9) nnTIcE J& TIcE 5 nnPU 454

(10) uCDMM & CDMM 5 uPU {45 4. CD-
MM 25 G A R AR A R AT MM AL RE B2 L £ 16 32
B LT A 2 MR AR R B A T R SRR A AR L E T A
BB,

(11) nnCDMM & TIcE 5 nnPU 45 4.

(12) Ours, BIA SCFr H2 HEZE.

4.4.2 SLEREER Ror b

F 2 JER T AREIEAS A TR EAYRS H s
g R SR IR IT B 280 M fe br EIRAS
T EARTERE.

FLKT R Ours 78 MNIST A5 T 5 4 9 o
1% 3 RN Fl-score, M4 F IR L 45 1 43 51 1

T T 8.33%.3. 54 % Fl 7. 84 % ; 7E MNIST? | it
15T B AR B AE IR 2 H Fl-score., 8 W A 45 S 43 51 F
IR T T 0.64% F1 0.42%. £ FMNIST RS T
T L WER R A BR AT Fl-score s BIRA45 2% 70 7l
SERARTE T 1. 77% .2, T9% 1 2. 27 % s /E FMNIST?
FEAS T B A HER R F B R Fl-score, % IR
e gh 5 214y R T 0.52% .2, 21 % F1 1. 16 %. 7E
CIFARLIO FHUS T Bl RO MERR 2R 4 [ % F1 Fl-score,
RS Ay BT T 3. 4096 4. 40 %6 i 4. 55505
1€ CIFAR-10* AR T e 4G 1) ME 5 2R F1 Fl-score,
R A A T o AR T T 751 %A1 3.39%. T
Alzheimer 1 £ T W 2% 2 ImageNet #iill 2k )5 i 1
RSO T 28 0 2 A (B S o B 1Y) 97 T S
Ours LIS A i B0 AB AT 7R 32 2237 4 48 b 1
WA Fl-score FIUAF T S 1M BE BRI 45 3 4%
BSEH T T 1.25% F 0. 86%. I Ak, Alzheimer
RS A R R W] T IR ME SR A B T AD By R 12
W, B S M {E. Ours 5 supervised 7 Alzheimer
AR R AR R WE 7 iR, T
Alzheimer Y Z5R4R th BT A 1 Hf B2 0 R 5505 B8 R 1
R AR A TR TE A T A RO R BB 2K AR %L Ours X 52
OB R I A R R AH#R supervised A 40. 40 %01 B
FRETE R R A T 17, 87 % i $E T, LS,
T I 4R b R TR R R AR AR 12 A
Ours Fl supervised F X5 B Sk 5 17 100 % 1946
R 2 B SO R R IE R N MRT AH I, B
SEAAE T e o R E DL B B K2 B, Ours M3 T
supervised 7€ 58 SO & K R B B S R T U
TR T A BT AD W RS RS W NG 9T 2
I R B R0 3 1 2 i (g B

Ours [ 5 JEPEAR KRR B AT LA B F H 250
Jem AT R, H AR AT 5. DL MNIST ,FMNIST,
CIFAR-10 #l Alzheimer Syl . A [6] 2 5] 56 56 4 1154
RAEAS B X H SE G 25 R An &l 8 T n .
FEA] AL, Ours (2R FI5E 55 48 1 (A 7€ CIFAR-10 F1
Alzheimer b 55 #2300 L9219 28 00 S5 55, Fo 7 MINIST,
F-MNIST Fi# 7p 5 7p WA EFHZ 0. 01 F1 0. 03.
AR, Ours FEHL 5 R SZ50 19 7 b5 1 22 88/ s B AN
0. 02. I AT W, Ours 3 2588/ 19 2 51 6 56 £k
TH58 25 FbR o 2, R T H A T 4 HO SR AR e 1 4 28k
AE. AH B 72 - LB 800 S B i 1530k Jo vk e i 2 il
Jele il i HERR PEATES E M. Bl n KM g MNIST
b A T R R e A LR A 5 WS ) 22



12 ] RS RAUNMIREE PU 22 ) 52850580 A THAE 2 2679

F2 OMUXBERBETRERTHEGAES RAEEUMESIERYE OREEEREUEHZEENH. RBEX tREH
ZER.HHAVOORTOurs HER F(ELOMAEAZE. BRAKFH 95%) R : 20)

B PEM R B supervised uPE nnPE uKMl nnKM1l uKM2 nnKM2 uTIcE  nnTIcE uCDMM nnCDM-M | Ours
e 85.80v  86.07v/ 86.33v/ S1.88v/ 85.44v/ 64.27v/ 64.33v 77.74  79.92 66.89v 57.74v | 94.66
(0.43)  (0.75)  (0.35) (848 (1.59) (18.50) (18.61) (14.37) (11.69) (12.19) (15.62) | (0.37)
B 89.35v/  85.83v 83.48v/ 86.50/ 83.70n/ 95.09  94.97  94.74  94.29  84.87  97.13 | 95.41
precision
MNIST precusior (1.69) (1.1 (1.22)  (2.05) (3.02) (6.78) (7.09) (1.68) (1.28) (10.78)  (6.42) |(1.05)
enll 8L09v  85.93v 90.14</ TL73v 87.77v 3197/ 32.28v 58.53  63.24 43.39v/ 17.06v/ | 93.68
reca (247 (7D (2.27) (19.87)  (4.97) (43.84) (44.22) (31.66) (25.84) (30.89)  (38.09) | (0.94)
P BH98V 85.87v 86,66\ 78.93v 8556w 33.43v 33.55v 6708 73.06 50.30v 1712y | 94.53
seore 0.70) (0.8 (0.52) (138D (1.81) (45.79) (45.94) (29.97) (19.33) (31.48) (38.18) | (0.3D
e 8181w 91.22/ 92.70~/ 7411  75.23 S7.80v 89.67v/ 62.83v 66.09 68.55v/ 71.23v/ | 93.34
~ 0.40)  (0.33)  (0.32) (23.29) (24.30) (21D  (1.88) (15500 (17.91) (11.87)  (12.51) | (0.75)
N 90.91v  92.89/ 91.92v/ 96.30 9551 92.35v/ 93.31v/ 96.19  97.04  94.69  94.38 | 95.25
rects
VINIST Preciyion (o (L9 (L12) (3.46) (42D (212) (L4 (445 (2.8 (21D (250 | (L5D
) B 71867 89.87 94.09X 53.14  56.38 83.26v 86.15v 20.38v 36.01n/ 40.80v 47.20n | 91.64
e
o (1.30)  (2.35)  (L04) (48.55) (51.48) (5.41) (4.79) (31.62) (37.10) (23.82) (26.81) |(1.03)
3 80.26 91.31 92.98\/ 54.66 55.93 87.45 89.50\/ 37.36\ 42.87/ 53.82V 58.79V 93.40
o
seore 0.57) (0.4 (0.28) (49.90) (51.06) (2.58) (2.24) (37.32) (41.12) (24.32) (25.89) | (0.72)
e 90.87v/  93.39\/ 93.32v/ 86.87 87.39  86.43  86.48 62.53v 66.42/ 88.33  86.58 | 95.16
(5.09)  (0.11) (0.15) (15.02) (13.72) (14.78) (14.80) (5.48) (8.65) (11.52) (14.87) | (0.30)
91.06v/  90.99v 90.29v/ 93.72  93.18  92.46  92.80 98.98X 95.50  92.37  92.51 | 92.09
MNIST precusion 0.3 (057  (1.2D)  (3.68) (3.26) (4.38) (4.21) (2.28) (6.47) (2.43) (139 | (0.52)
» 85.58v  92.65v 93.38v 73.47 7510 73.78  73.49 6.67v 17.59v 77.91  74.13 | 96.17
recd (1.31)  (0.60) (1.83) (41.10) (37.98) (41.28) (32.28) (14.49) (23.38) (32.31) (41.44) | (0.90)
- 88.23v 91.81v/ 91.79v/ 73.58  76.23  73.10  73.13 10.00~/ 24.64v/ 80.19  73.30 | 94.08
-scor
core (7300 (0.13) (0.30) (41.13) (35.07) (40.87) (33.55) (21.53) (29.12) (26.17) (40.98) | (0.38)
e 86.55v/  80.50v 89.66v/ 85.77v/ 88.70v/ 86.55v/ 88.98v/ 73.62/ 73.96v/ 89.28v 89.95\ | 90.47
’ (1.0 (0.40)  (0.47)  (2.59)  (1.43)  (2.36) (0.70) (451 (6.21)  (0.36)  (0.22) | (0.34)
B 79.64v 8428  83.11 86.41X 86.66%X 83.72 86.34X 97.48X 97.66X  85.80  84.07 | 83.87
recision
MNIST precision (2.66)  (2.15)  (2.23)  (3.03) (179 (2.34)  (1.9%) (2.74) (3.22) (435  (1.27) | (1.8D
all 74.24\/ 80.43 82.36\/ 62.81\/ 73.67/ 68.49 75.31\/ 12.50 14.03 77.51\/ 82.10 84.57
reca (2.23)  (3.200 (1.72) (12.35) (475 (9.18) (4.58) (15.48) (21.96) (4.73)  (2.24) | (1.28)
B 76.81v  82.24/ 82.70v/ 72.06+/ 79.58v/ 75.08v 80.3dv/ 19.48v 19.79v/ 81.25v/ 83.04v | 84.20
scor
seore (1.65) 0.9 (0.49) (7.43)  (3.09) (5.77)  (2.02) (23.54) (28.83) (0.83)  (0.65) | (0.30)
e 84.700/  82.86v/ 83.78v/ 75.40 84.92v 8131w 86.58+/ 81.84  82.57  74.81  79.27 | 89.98
’ 0.52) (28D (0.82) (19.80) (0.95) (4.92) (2.57) (1237 (12.64) (13.69  (10.86) | (0.83)
B 83.64v  79.42v 80.45v 73.01 80.60n 82.26v 84.04v/ 88.82  90.54  90.33  87.29 | 87.36
precision
CFAR10 precision (2.28)  (6.00)  (2.26) (18.71) (2.64) (3.44) (2.26) (6.4D (5.32) (8.99) (7.27) | (0.82)
B 76.98v  77.97v 78.66v/ 83.23 82.24/ 77.31  82.01  65.19  65.18 4578  59.44 | 87.63
rec
@ (42D (.07 (133 (9.5 (2.46) (12.96) (6.09) (36.79) (36.50) (42.03) (33.44) | (1.79)
o 80.06v/ 7847w 79.51n/ 75.49 81.35v/ 79.31 82.94/ 66.90 67.74  47.92  63.07 | 87.49
-score
(1.42) (315 (0.69) (10.35) (0.98) (8.32) (3.71) (37.52) (37.88) (43.86) (35.33) | (1.13)
e 62.47v  63.87/ 55.71/ 65.74  66.46 53.284 50.00n/ 65.22¢/ 53.86v/ 64.10  66.30 | 73.81
~ (1.0 (8500  (3.82)  (9.05) (10.66) (7.33) (0.00) (3.1 (3.85) (8.20)  (9.35) | (1.50)
o 61.46v/  60.41v/ 53.29v/ 78.19  76.91 95.11X 100.00X 60.94 52.21v/ 76.47  76.55 | 71.96
CEAR 107 Precsion 31 (113 (229 (12.35) (13.15) (10.94) (0.00) (355 (2.21)  (13.29)  (13.29) | (0.97)
» 67367  89.06X 96.20%X 50.34  54.72 970/ 0.000/  86.90 97.16)X 48.20  55.80 | 78.00
reca (7.35)  (7.36) (3.23) (28.50) (33.66) (21.69) (0.00) (5.26) (3.28) (27.48) (31.58) | (3.00)
- 64.07v 7143 68.52v 53.93  55.30 11.81v/ 0.00v/ 7I.45v/ 67.85v/ 51.94  56.10 | 74.84
—-Score
s (3.0 (2.96) (125 (30.29) (32.21) (26.42) (0.00) (0.89) (1.12) (29.29) (31.47) | (1.79)
e 6147 69.74v 70.74v/ 70.45v 71.95v 69.85v 71.62v 70.27v/ 71.62v 63.77v  65.86v | 73.20
- (2.22)  (1.68)  (L57)  (0.40) (0.39) (0.98) (0.70) (0.70) (0.68) (3.49)  (1.55) | (0.55)
78.04 72.43 70.05V 71.02 70.56V 71.96 70,30V 71.58 70.44 75.66 75.86 72.25
A Precsion —(408)  (2.13) (L7 (2.22)  (1.67)  (2.14)  (0.80) (2.22) (0.93) (6.65) (5.76) | (0.73)
zheimer
ecall 38.09V 63.98V 72.90 69.48 75.52  65.41/ 74.84 67.61\/ 74.49 43.00v 47.76\ 75.30
reca A7.97)  (6.46)  (9.07)  (6.17) (4470  (6.56) (2.21)  (5.66) (2.80) (15.97)  (8.82) |(2.45)
- A7.57v/  67.73v 7113 70.04v/ 72.86 68.31n 72.48v/ 69.36\/ 72.38 52.68v 57.91v | 73.72
-scor
core (12.96) (3.4 (3.67) (215 (1.29) (2.76) (1.00) (2.11) (L.10) (1245  (5.30) | (0.95)
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Ours 5 supervised 7£ Alzheimer | 5 & & 9 F (&2

TR A e B R P R v B R ) B A

@

[ 8

PE KMl KM2 TIECDMM Ours

(a) MNIST

0.5

0.44

0.3

0.24

0.14

PE KMl KM2 TIE CDMM Ours

(b) F-MNIST

0.6

0.5

0.44

0.34

0.24

PE KMl KM2 TIE CDMM Ours

(¢) CIFAR-10

PE KMl KM2 TIE CDMM Ours

(d) Alzheimer

AN (R 51 Se 98 A T 7 v 1 A B 2 10 3 B oE 22 4

TP CRA B R RN 25 B AE Y )

A uKML 1 nnKMI (14 5 #4943 25 % Rg )4
HEA 8K WbRifE 2% PE 78 MNIST |- (28 5650 4
T iefsE B H 10 TR B 7 - 6 uPE A1 nnPE (1)
VX o e R R A
4403 TVH mp N HSE G 25 R 5 40 b

AR SCES F P PU 2% ) fp I 3 50T 2851 56
5 A [ . S 55 2 s Bl BT SR AE SR AN R 7y s D
RBIREN S O A ~p 19 PU B35 A I8 36 19 43 i Mg
EEBTEER P45 R b g A . 3R 3 J&7n T MNIST,
FMNIST,CIFAR-10 fil Alzheimer %(## 4 I Ours
5T RS G T PU Bk 0 0] L 5256 45 3L,
H,uPU & PU 2 2 (19 6 f KUBS £ 11 4% s nnPU &
uPU £ B8 B B AL 1 7 &2 5 Self-PU #E nnPU [ 3k
fili gl A H 252 ] YRR g IR B AR A 1 B A HE S
W RER T PU 22 2 1 Sk /K OF. Ours B4
PERE fix f£. 78 MNIST b (% o 8 2% R 6 % 1 F1-
score |43 S 48 Y 45 5 0. 80% . 2. 17 %

x3 Ous 52/ 7, W PU BRI LE LWL R RIBAELRT ¢
RBHER. AV OORT Ous HER F(F

EOVMHBEEAE.BER/AKEHDISY%) B %)
B4 PEM 38 R uPU nnPU Self-PU Ours
C |~ C /
e OLOTV 9526w 9386 94.66
(L.27)  (0.3%)  (0.30) (0.3
92500 93.24v 93.12v  95.41
Precision .y o5y (0.84)  (0.89)  (1.05)
MNIST
Ly 90-21v 93.08V 9454 93.68
reca (2.90)  (1.28)  (0.99)  (0.94)
b 91.33  93.15  93.82  94.53
SCOTE T (aa) 0.42)  (0.31)  (0.37)
Ace 9886V 04.390 9475 95.16
T 0.3 (0.42)  (0.25)  (0.30)
- 92.78  92.88 91.73v  92.09
Precision—y gy (0.94)  (0.80)  (0.52)
F-MNIST
eay | OL33V 93150 9550y 96.17
recat (2.06)  (0.84)  (0.61)  (0.90)
o 92.02v 93.00v 93.57v  94.08
SCOTE T (0.40)  (0.52)  (0.28)  (0.38)
ace 8856V 80.07v 8928 89.98
- (0.52)  (0.38)  (0.72) (0.83)
o 87.35  86.35 86.16v  87.36
precision 5 57y (1.68)  (0.78)  (0.82)
CIFAR-10
Ly 8366w 86.30  87.21  87.63
reca (2.98)  (2.06) (2.35) (1.79)
Faope  85-39v 86.31v 86.67v  87.49
SOTE T (0.72)  (0.52)  (1.06) (1.13)
ace TR0V T2z 7259y 73.20
- (0.70)  (0.46)  (0.64) (0.55)
. 71.55  69.05\/ 69.83v  72.25
Precision 5 55y (1.79)  (1.03)  (0.73)
Alzheimer
e 7049 80.44 79.56 7530
reca (6.100  (4.18) (3.36) (2.45)
o 70.81v  74.22  74.34  73.72
SOTE(1L93)  (0.79)  (1.13)  (0.95)
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0.71% ;78 F-MNIST I iy i # % . A o] Ff1 F1-
score M R4S B 0.41% .0.67% H1 0.51% ; #£
CIFAR-10 | 9 it 4 48 45 88 1 AR 25 3 0. 60,
0.01%.,0.42% 1 0. 82% ; £ Alzheimer I fy #E 1
RFRE R A 45 5 0. 61 %1 0. 70%. #F 2k
14 T il S B 45 SR E — 2P 8 R T BT R AE SR T 2R 0 o
Al E HAR T T E I e e PU Bk i A
4.5 HREEZIEHW

hy VEA BT SR AE SR b & A B A RO S A B
P DL BR 5T B S 56 25 SR b Ours M BE IR 5 1)
JE B 43 5% GMM, S 34 00 (L, ) i BE 5561k
(L orpen ) TEBE MERCHE B L AT T I ML SE 50 HE 45
W 4 s, Horf 8 GMM 42 9155 56 Ak 11 R 3648
A bGP AR A i 28 B 2. ST . GMM J T
flivt e m0 S, IR E PU 27 2] BEog 1 il 1 15 2
R W 42 T 43 25 P RE L IR BE B Ak D g — 2B L [ O
T T M RE Ours B G T =FH ML # 1E
. T TR 45 & 52 50 25 1 0 25 A Bt ny 4

(1) GMM. %k 4 Fras,. 6 GMM By 5 B TE 4%

R4 BEPEELMEMIBEERVRTIEAWRIZID

MRS ERIE iR R B E K S T GMM
(JF5 0vs 1.2 vs 4.3 vs 5.6 vs 8). AR M4,
1 kb 0 78 MNIST,F-MNIST #1 CIFAR-10 [ 43 %
ST T 1. 76%.3. 85 Y0 fil 22. 72654 L 2 FEAA
FEMEBRAE FAY IR TE T 3. 17%.,0. 08 % Fl 16.82% 55
Fo 3 3 B4R TF T 1.58%.3. 46 %0 Fil 20. 81% ;8 L 6
Sy RTET 3.429% 1. 18 % 1 17. 15 %. (15— 21
AL LU T GMM, fiff B A5 1 428 0 5 T H1 522 )
JEI i PU SRk MERE. 534k . 8 GMM [ 4R ik 225 (&
T GMM [ b5 #E 25, DAY 6 % O 5], MNIST, F-
MNIST #l CIFAR-10 |76 GMM ) ¥ #E 2= i K AJ
A3k E] 6.29% 7. 15 % F1 12. 06 %, 1if GMM x5
WX R AT 2.12%. & GMM #73br i 225K
M) BE R 7 THR e A i R B T i 5 A
JEs BB B0 BRI AW AR AR 1Y 7 5 30 1 A R IE
A A Tt Ho A A 0 43 BRSO D I
M T AR 7 A F BB LR AL BUL AT,
GMM 1y 2 B0 s IS [ vl . 25 b ik . GMM fE %
SEAF M AR TH 2R S 5 S T B HE 2R 1Y 0 2 R BT R
T RigHT.

A 20)

B F5 GMM FEEON hERg RESL acc precision recall f-score
0 91. 84(1.22) 94.02(1.53) 89.17(3.38) 91.48(1.42)
1 i 93.60(0.53) 92.98(0.73) 94.13(1.35) 93.54(0. 58)
2 Vv 90. 83(6. 05) 94.51(€0.46)  86.37(12.78)  89.84(7.85)
3 92.05(1.16) 94.18(1.53) 89. 44(3. 26) 91. 71(1. 38)
MNIST 4 Vv Vv 94.00(0. 46) 94.13(0.42) 93.67(1.26) 93.89(0.51)
5 Vv 93.63(0.48) 94.29(0.71) 92.68(0.72) 93.48(0.49)
6 Vv 91. 24(6. 29) 94.76(0.75)  86.99(13.18) 90.27(8.11)
7 Vv Vv Vv 94.72(0. 15) 95.31(1.05) 93.92(1.12) 94.60(0.16)
8(Ours) Vv Vv 94.66(0.37) 95.41(1.05) 93.68(0. 94) 94.53(0.37)
0 90. 86(6. 90) 94.36(1.49) 82.30(19.20) 86.68(12.52)
1 Vv 94. 71(0. 35) 91.61(1.43) 95.57(1.71) 93.53(0.43)
2 Vv 94. 89(0. 24) 92.220.79) 95.26(1.07) 93.71(0.31)
3 91.42(7.15) 93.13(2.22) 85.22(20.65) 87.56(12.95)
F-MNIST 4 Vv Vv 94.97(0. 33) 92.17(0. 90) 95.58(1.21) 93.83(0.42)
5 Vv 94. 88(0. 36) 92.08(0. 44) 95. 41(0. 82) 93. 71(0. 46)
6 Vv 93. 98(0. 83) 93.22(1.38) 91.64(2.80) 92.39(1.16)
7 Vv Vv Vv 95.05(0.36) 92.22(0.96) 95.73(1.01) 93.93(0.43)
8(Ours) Vv Vv 95.16(0. 30) 92.09(0.52) 96. 17(0. 90) 94. 08(0. 38)
0 66.64(10.34) 32.54(44.64) 21.05(31.74) 24.95(35.84)
1 Vv 89.36(0.55) 87.19(1.59) 86.12(2.33) 86.62(0. 80)
2 Vv 72.79(12.06)  79.64(8.82) 39.07(33.48) 47.24(31.22)
3 67.15(11.40) 33.16(45.56) 21.86(33.36) 25.68(37.20)
CIFAR-10 4 Vv Vv 89.61(0. 65) 86.89(1.01) 87.18(0. 89) 87.03(0. 80)
5 Vv 87.96(2.12) 82.89(2.41) 88.11(3.82) 85.4(2.70)
6 Vv 72.73(11.95)  79.73(8.91)  38.78(32.96) 47.13(31.04)
7 Vv Vv Vv 89.95(0.54) 86.86(0.64) 88.23(1.72) 87.53(0.79)
8(Ours) Vv Vv 89. 98(0. 83) 87.36(0.82) 87.63(1.79) 87.49(1.13)
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(2) Y0, AT LA VER 5 R 401 AUAL R HE At
#3200, 2 e 0 78 F-MNIST it CIFAR-10 |
Ay BIRTET 4. 03% 1 6. 15% 54 [ 1 7644 K%k
P L 4R T T 0.40% .0, 26 %1 0. 25% ;6 kb 3
7£ F-MNIST 1 CIFAR-10 4 B4+ T 2. 56 %
5.58% 7 t 5 TEA B LA BIHETE T 1.03%
0.28% 1 2.02%. fy Bt AT DL, SF- 24 0 U 3+ °F 15 I
BWARERIYNGRTI A T A0 B B — P 3
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Background

With the advent of big data, deep neural networks have
attracted extensive attention and their performance has reached
or even surpassed the human level in various tasks. Specifically,
such great success usually relies on full supervision by a large
amount of labelled data. However, it is hard to obtain intact
label information in many real-world applications, even those
with only binary options. For example, observed interactions
between users and items in recommendation systems are labelled
positives. Since many unconcerned factors like lack of exposure
or other coincidences could account for missing interactions,
we cannot view all the unobserved interactions as negatives.
Similar scenarios include Alzheimer’ s disease recognition,
malicious URL detection, and particle picking in cryo-electron
micrographs, where we only have access to a few labelled
positives with plenty of unlabeled data. Such a great demand
motivates us to learn from positive and unlabeled data, also
known as PU learning.

While PU learning based on unbiased risk estimators has
achieved the state-of-the-art performance on several bench-
marks, it relies on the knowledge of class prior, which might
be unknown in reality. To this end, there emerge some class

prior estimation algorithms designed for PU data. However,

these algorithms are found difficult in handling large-scale data.

In this paper, we propose an iterative framework for deep
PU learning and class prior estimation utilizing an unsupervised
mixture model. Specifically, positive and negative classes have
distinct predicted score distributions intuitively. We investigate
and demonstrate our intuition and approximate the score distri-
butions by a Gaussian Mixture Model with two components
each representing the relevant class-conditional distribution.
Accordingly, class prior is estimated through the weights
of the Gaussian Mixture Model. With mean teacher and
temperature sharpening incorporated, our proposed framework
could estimate the class prior and learn from PU data simul-
taneously, achieving competent performance with other PU
competitors based on the ground-truth class prior.
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