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AR, y; € Y AEIRIL (Y Fon-trid ZH), N 2 AHAREH. R Y RESN, %8
NIENATEE Y FE BN, %I 7 A Hlas ST H AR ] — TN R fo - X = Y,
w e T, Hrf w NN R B IS AL SRR R BUR, BATRIATHERCH AR AEAT B0, 32 7 AU 3R
figp— fBL R AR A AR Y.

N
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=1

FA Lonpain () HUNGEARSE L0450 /AR5, SO FRE T T 55 S h i 2 I B 22 R, 3
FHA 2 SR 2 SRS (4029 197702 (IE1) %%: R(w) ML, 3o FIfE T o a2k
1w BT B

1252 ST AT TEAE GBS ST (1) o, SN A R T 5 R s
23] H AR BT 20 O BCE A R o, I SRR R AR ) ST % S S M B w 3L
ek, WA i B R A R 525 ST 3L 25 ST 1 H 1 .

N

wef‘g;lg[lo,l]N Zz:; (Ui‘CTrain(f‘w (xl)a yl) + g(’Ui, )\)) ’ (2)
Forp X RAEWRSHL, g(v,N) 2 EHB N, HT95% 8 25 ) th 5 B 7 SR, e SOR e 2506 2
(2644 1T LA DL SCRR [9,10), VELHIEAR WA 3 854>, 1T R(w) X4 B A5 IE NS A B, $E R
PR IEIZIL. AR RN A, 9 T AT SRR, AT RS § DMERKIRE L(fw(2:),ys) fi
A ;.
KA A (2) FTLCR AR B EREIEN S H w Mo #4758, BRI,
FB 1. BESH w, K v, BISRARLT ) 2

U;k = arg n}(})nl] UiLTrain(fw* (112'1), yz) + g(via >‘)7 L= ]-a 23 sy N (3)
ve|0,

$R 2. FIESH o, RKIF w, BIRAFUT 7 L

N
w* = argmin 3 f Lrvain(fuo (1), ). (4)

i=1

U 3. FHE v 5w, W N RO, % A 2 TR,

SEREGEIITITE | . 6 FR M A o, 2ok 2k 0 MR A T P RE A
S 4 N B 2 A 7 A B U e o PR RS B 25 T, M TN 4 T MR
AT 43 KB T f TN . e — 2 M, TT BITTEIE, 22 (8525 ST AR AR A BE AR 15 40 B2 B4 I
FFRERR, JUSETEAE A A4 IR B O B R B BRBR L 1 (0), HL7E I M0 T 1), L5 SO

l
F\(¢) = *(0: \)de.
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Figure 1 (Color online) Variations of learned latent loss functions during learning process. (a) and (b) show the results
of regression and classification experiments, respectively
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1: if t < T then
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30 R (3) BHT @)

4 ORME (4) FH w®;

5 B X

6: end if

FEEFIFETAR o M w KU RAE H AR £ (2) B0 TRE, T A FERREE T i 5 2
A TRAE 2 SRR R A E 1, R EAREORAIE H AR ek 2 (2) AUt (Fsk b, RS
BUZ HbrROIEIRCR ). Meng 55 MU 5, 7222 ST B IRN B, BEE GRIRSHNIZP IR, 78 (el
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171301 SRR 3 e B AR o /N R e 48, AT REREARE A /D, SEURR S S S, Sy EL
72, BEEISAUCEIEAT, RS STRORHERS, SRR BB TBE, B A AT REJFAREE
WK, S BB AN, T X — S HAE FE R, Meng 55 MY SR — MR KR BOE S50 A
M7, R N SRR MO REAR N B e 8, Sl B e A HE N AN B, (75 RIS S B 5
INEM. ERN T A BRI BEAREAR KA B, AR 2T s 2 e RR, 5 NSk &
PRVEATT] HE R VR A LRI, 20 (IR S E ) 106 BERCE IR O B 25 5 2] T A S8
82 R i .
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VA 2 Myl 8], Ry 4328 04 o pkia R 01 5, JEAS T RGPS AR, B %201
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2 — S I ThRE SN 5 BIME A FE 2 5] H AR, Meng 28 MU AERA T 5 525 S B 590 52 4
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IR, ST, A X e TARHCR REXT B 222 2 il S Bk SRR BN 588 . B 2 d@ HIEm —
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FIVERE. SRR S B R T E RS IR R L BENLIEZR 181 DI (Bayes) A4 09, 22 XEGHIE [20)
BRI, FET T SIS 10~ B0 5 SGTE IR i SR A A i, BT TR S R
W, SR REABUEIX — E A SHUE LT 2 Fh B Bk 5l 2 o SR 12224 SRR IOHIE T IR H & RLFK T
7 S S FI R BE S A 2 T35 5 SR AR D0 A il RO T S 2 Bt i 22 ) B e S v . AR ST AR N7
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3 TELE

3.1 HBPELFIEEL
A2 (2) i, B IEN g(v, ) BEEFE G BIHER) 5 280, Hm g 8e e
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EX1 (HHIEN)  XFRAER (2), 2 g(v, \) W2 LKA, FR2A—A B 25 1E I
(1) g(v,\) KFHAR v € [0,1] AR
(2) v (0, ) AR ¢ BRI IR R B, HROT im0 (0, A) = 1, limy_, o0 v*(£, ) = 0;
(3) v* (6, \) AZE X BERIEEIE R, HAROT limy o v* (4, 0) = 0,1imy 00 v* (4, \) < 1;
Hdrv* (e, \) = arg min,jo,1) v£ + f(v, A).
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ANk (B < BnAR), 1 Linear H 2 IEMITE AR TAEAMEA <207 IIAL LA SE % UL AE A 1L S WA A
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BARH, HEAENZRE D BB D225 Hhrek s (2) i, PUOSIIZREE LK AiE A (BT
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BERFTRITITE 3 FUH 125 51 500, MU 28 w0 52 R, S9SUA PRI, B FLA B0 A
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SR 3. TR o, M w. RAMBEFLEIE TR, € D EIBIL m MRS 7R

w®(A) =w D —a Z Vot Lrvain (fuo (1), 3i)
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SERTT A ) EIEWEE 2 Fos. nTRUE W, AT R 8PS B, s o R TR RS
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MR . AR, 2 E 2P IENEREL (6) B Hard, Linear A1 Mixture JEE, 1cX N T BB %# 2] H
7545358 Meta-Hard, Meta-Linear 1 Meta-Mixture.

(13)

wt—1"

Bk 2 JLH D RIRSEL
BN HUE (o, yi} Y, TEEREE (o), g RO T, REASEL n AL g
W BEASH w,
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end if
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x1 MEEVEFLEHEIIE AR (LS RE)

Table 1 Performance comparison (LS error) on simulation experiment of all compared methods

Methods LS Hard Meta-Hard Linear Meta-Linear Mixture Meta-Mixture

Test error 86.23 3.26 2.32 2.40 1.56 1.87 1.35

4.1 {HEREY3AXLE

FATRSCHR [11] A SEIe et AL o S8, 8RR 1000 N8 AL, T8I DU A
A

> mipi(X,Y) = p(X)pi(V[X),

3
H

p(X) =U(), O ={zlzel[-11]}

m =03, pi(Y[X)=N(f(X),1),

mo = 0.4, po(Y]X) = Laplacian(f(X), 1),

m3 =03, ps(Y[X)=U(Q2), Qo= {ele €[f(X)—20,f(X)+20]},

f(z) =052+ 1, N(u,0?) NBEME p % o Ed (Gauss) 207, Laplacian(u, 8) RRBMEN p RIE
N B BB RT (Laplace) 2046, il @A RIAMZN f(z). pr,pe FIER N IREIA RS, ps N
R, TEECAR AR S e 2 S U 28 EBMLCE TR 1000 AP, Bf il —
e la] U= 201 oA i 2k, FA i ok sR B DU /D 3k (LS) 1EAXT L. J@id S Hard, Linear, Mixture,
Meta-Hard, Meta-Linear fil Meta-Mixture [J3EA5EMS, WIE % B 2% S 5L A &

1 T EANTEAENRE ERPERE, FTLUE , Jo B P I BRI T T TR S0 R B
WE ST, YEREAS UIRRUDHE T, Horh Meta-Mixture 5EVARAG T B AEM TN ZCR. B 1(a) F4s U125
IR Meta-Linear [ Ba 2040 25 o B & B AR EUN ARG I 26, W LLE Y, BEAE SARIRE 3G, ke
ZHOBLHR, EERIEREARZ 5INZR, B91o0 B A5 ) Sk mT DUB I 5 3 N 2 2] 4F W2 H0E AL S
T AR H S B ) I AR

4.2 BEERICOESIE

WIS, FATER CIFAR-10 Al CTFAR-100 ¥ 85 F DAVRAY 35 R B 20 2 o) SR 70 e 75 b ic A
IR, AR 32 x 32 KUNFIEEIAR, 25 E 10 N2 100 A2 FIIZRE4ER
RS 50000 KA1 10000 7K B #4 . FRATMHE IR S 45 e MBS IR AR BE A LIE B 1000 5K K A 1R
HTCEAR.

MRAIRE. 7 SE6 Hh R AR AR IC e A R M s X B 7 . o BRI 75 Al e X 4
5E LU BRI SR A 35 50 B 0 30 F A 28 ) B0 Am e B BU. X6 AR 7 s 10 8 K 45 e b A9 PRI RE AR AN
B B0 2 B AR n A i 4.

STEE K. FATIEE LT IEME R 5 (1) CE, FI A8 X5 26 26 e 7 Bt 4 _E k726
#%. (2) Forward 32 J@ i br 2 (1) 36 B 40 FE AR IE MR P AR, (3) GCE B8] J@ i 51 NS S HUE 18t
ARk R AR EL T CE HE MR @M. (4) Meta-Weight-Net (24 Fi| ] e 88 i #0pa 2 1 MLP 2
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% 2 FiBxttb73A7E CIFAR-10 #1 CIFAR-100 E7REIRERA LB TR AR
Table 2 Test accuracy comparison on CIFAR-10 and CIFAR-100 with varying noise rates of all compared methods®

Symmetric noise Asymmetric noise
Datasets Methods Noise rate n Noise rate 7
0 0.2 0.4 0.6 0.2 0.4
CE 92.89+0.32  76.83£2.30  70.77£2.31 63.211+4.22 76.83+2.30  70.77+2.31
Forward 93.03+0.11 86.4940.15 80.51+0.28 75.5542.25 87.384+0.48 78.984+0.35
GCE 90.03+£0.30  88.51+0.37  85.48+0.16 81.29+0.23 88.55+0.22  83.31+0.14
Meta-Weight-Net  92.044+0.15  89.19+0.57  86.10+0.18 81.31+£0.37 90.33+£0.61  87.54+0.23
GIFAR-10 Hard 91.72+0.12  85.84+0.06  81.10£0.20 74.4910.09 84.54+0.10  81.20+£0.31
Meta-Hard 92.20£0.35  88.77+0.23  85.74£0.23 80.67+0.61 87.14+0.15  85.21+0.35
Linear 90.62+0.54  88.49+0.40  82.99£0.08 75.631+0.55 85.56+0.13  81.97+0.48
Meta-Linear 91.71+0.36  89.714+0.27 86.61+0.30 82.1240.22 89.8940.14 86.9440.23
Mixture 91.51+ 0.16  88.63+0.18  83.77+0.33 77.77+0.38 88.52+0.37  82.58+0.45
Meta-Mixture 91.904+0.15 89.78+0.30 86.82+0.13 82.20+0.12 90.41+0.24 87.62+0.05
CE 70.50£0.12 50.86+0.27  43.01£1.16 34.434+0.94 50.86+0.27  43.01+£1.16
Forward 67.81+£0.61  63.75+0.38  57.53£0.15 46.44+1.03 63.28+£0.23  57.90+0.57
GCE 67.39+0.12  63.97+£0.43  58.33%£0.35 41.73+0.36 62.07+£0.41  55.25+0.09
Meta-Weight-Net  69.13+0.33  64.2240.28 58.64+0.47 47.43+0.76 64.2240.28 58.64+0.47
GIFAR-100 Hard 68.68+0.11  58.13+£0.31  53.57£0.57 39.96+0.24 60.54+0.56  51.04+£0.87
Meta-Hard 68.83+0.13  63.7940.18 55.871+0.95 44.944+1.09 63.08+0.42 56.3940.38
Linear 68.07+£0.23  60.13£0.14  55.13+ 0.71  43.2840.59 62.11+0.72  53.73£0.70
Meta-Linear 68.424+1.02  64.86+0.13 60.03+0.27 48.46+0.41 64.2740.16 57.68+0.09
Mixture 69.05+£0.19  61.20£0.16  56.52+0.06 43.60+1.12 62.50+0.11  54.97+0.05

Meta-Mixture 69.1740.36 65.24+0.21 61.12+0.30 52.09+0.58 64.71+0.19 58.86+0.05
a) The best results are highlighted in bold.

SIEHET B e =, ARERE B MFEAIAU 7%, (5) Hard, (6) Linear A1 (7) Mixture 77~ #iL71
WP 2 B b (5)~(7) ¥ e Bl SRR, FHRIEFEAFE RS HL

MLELEM RS ST, AT ResNet-32 B4 fE )53 a8 M 2%, stiah, [ SGD IZH4E M
2 WIRESIFRN 0.1, ZHEN 0.9, BUBTEIRA 1 x 1073, HLIREEA KN A 100. MZ%—IL3I1Z% 60 epoch,
HHFE 40 epoch 1 50 epoch 2% 2] F 4 HIIFEIHZ 0.01 A1 0.001.

® 2 45T CIFAR-10 A1 CIFAR-100 7E X AR X AR A A 5] i A 7P gl ik B i 23 26
AR, AT LU e (1) Jo B ) Bl BOE R SRR 28, v DL P R R T ik AR e R 1
PABAER BHLH 75, I FLIEA LR RO 4 B R M K 4545 848 7F. (2) Meta-Mixture
F Meta-Linear %A Meta-Weight-Net, =2 PE AT 22 B AR AR B INAL bR B0 R F%, X I s 11 1
HISEINHIE, 1 Meta-Hard BOMBEINAL, B LAZE 5 tH BR800 IEARE AR T FEAR Bl 22, AT -5
BMERE N FE. (3) Meta-Mixture 7E8E A5 15 T8 T PEAEE S HAB T A X HL 7%, f955 Meta-Linear. #HEL
T Meta-Linear, Meta-Mixture 23X} #73 JE 5 B G FEAIR THE 1, 1 Meta-Linear 2355 IX LEFFE A
TN 1 BB, XS Meta-Mixture 5 AJ §E 78 70 R BURE AR 2855 1O 25015 8L, AT 45 31 B8 A #ERf
R4 R
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Figure 2 (Color online) Illustrations of sample weight distribution’s variations during learning process on CIFAR-10 40%
noise among different methods. (a)~(d) are generated by Meta-Weight-Net, Meta-Hard, Meta-Linear and Meta-Mixture,
respectively
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Figure 3 (Color online) Illustrations of sample weight distribution’s variations during learning process on CIFAR-100 40%
noise among different methods. (a)~(d) are generated by Meta-Weight-Net, Meta-Hard, Meta-Linear and Meta-Mixture,
respectively
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Table 3 Test accuracy comparison on CIFAR-10 with 40% symmetric noise of different initial values

Initial values A=4 A=5 A=6 A=T7 A=38 A=9 A=10

Test accuracy (%) 85.34 86.10 86.83 86.75 86.54 85.93 85.64

B, 4 Pos, Hoo BRI HER R a1 3 Fras. ATLVE ), SRS AR, ik S80Ik
ARSI E PR ARG S, MERSHAIERUINT, FEE LM epoch EJT, 104 HAMEA KN, =
THEUE AR B, AN ZRAJa TP BOZ @ T U8k, 1 A R AOAEARCE, FTEUE , S ER
I, %22 SR B EEAEH A (BE KT 0.7) ZEA LR Se U g e A s, e il
THRREARRI AN (Z95T 3000), 0448 S BAMEBORR, @5 e tRiEE N THREEETREN
P, XA A AGR MR M S 4P B0 70 M 7 BEARHE N IR RS, AT 0 53 SOZ AR
oy WIS HAEA S R, X R 1R 3 WA KR IERER T FRIAS . X RERS UL, i S L
AR I ANBE 58 42 IRV 27 ST IR ME 5 A2k, A% 4t R e A BLEL A e S HOZ B R 2O F3E — 2 A 2L
SR X HLPT R A 70 B 25 2 ST DO I B 3 ROAR 7 SRR AN S BRI, 24— Tt AFEAL
DI, 23] AR H S BIMER R, IR R T AR E, MR S R N S ST RCR, T IR it
NREARL I, —IFUG 5 2 B B AR AR RE N 52 3], A2 31 e 10, R B B o o A I S A
AR, PRALE S50 2 ST ORI T REE 8.

5 458
Xt IR a6 B P2 ) BB S (FR S A IR BRI MR &, AR T ot DA S BE

790



S A= SEA 52
MM I=PN b
HEREEEEREE B 50 % 56
8.0 6.4
N I\ 0\ SN r r SIAN
| ‘ 7.00 | ] 10.04/
6.5 e \ \ 8.00 \ 0.0/
/ \\7 7541\ o \ 675 \ \
6.0 \ 29\ - 199 7.751 ] |
/ 7.0 o5 8.8 \ 9.8 \
1 \ .50+ 7.504 \
ERl 631 | 6.07‘ \ 8.61 \\ 9.6 \\
Z 5.0 6.04| | \ 6.251 \ 7.251 \ \
~ | . \‘ \ \ \ 8.4 \ 9.4 \
4.5 ‘ 554 T 584 \ 6.001 \ 7.007 \ \ ' \
- | \ | 821 \
a0l S0 |55  |ers ~_ | 92 (U
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
Epochs Epochs Epochs Epochs Epochs Epochs Epochs
(a)
x10* x10* x10* x10* x10* x10* x10*
51 51 54 . 509— — — — — 50— — — — — 50— — — — —
44
2 4 — 4] 4.59 454
t 3 - 4+ 4.5
g — | | |
E / 3 — N o | M -weigne-o 407 WWeight=0 — ~ Weight>0
: . | | e beo07 | gl —Wewoo? | o) ——veatoor
£ | — — DN
3 / 1/ 1/ /
z — Weight>0 — —Weight>0 / — Weight>0 29 [~ — Weight>0 30 30 359/ ~—
N / Weight>0.7 0l Weight>0.7 17/ Weight>0.7 / Weight>0.7 | ; 5| / 254 / /
0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
Epochs Epochs Epochs Epochs Epochs Epochs Epochs
(b)

B 4 (LAY

LA

w2

E) £ 40% &
B (a) REFHENNGIIZHHENE (b) HZIHENRES, BN FERRTTEYENSE IBR, NEBGHERK
A 4,5,6,7,8,9,10. E, (b) MENTFEHRRMUMNARMZE DI AT RERNERT 0 SHAREKXRT 0.7 X
MELES
Figure 4 (Color online) Varying trend of learned age parameter during learning process (a) and the number of essential
samples involved in training (b) on CIFAR-10 40% noise of Meta-Linear method, where each subfigure shows the results of

different initial values, including 4, 5, 6, 7, 8, 9, 10 in order from left to right. Two curves of (b) represent varying trend of
the number of samples whose sample weights are greater than 0 and 0.7, respectively
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Abstract Self-paced learning (SPL) is a learning regime, inspired by human and animal learning processes, that
gradually incorporates simple to more complex samples into a training dataset. Recently, SPL has seen significant
research progress. However, current SPL algorithms still have critical limitations, such as how to determine the
age hyper-parameters (especially the age parameters). Some heuristic strategies based on cross-validation have
been designed. In addition, setting these parameters manually has been proposed. However, such strategies
are very inefficient, not supported by theoretical evidence, and are very difficult to apply generally in practice.
To address these issues, we propose a meta-learning regime for adaptively learning age parameters involved in
SPL. Three types of typical SPL algorithms are integrated into the proposed regime, and their accuracy and
generalization capability are substantiated through regression and classification experiments, and compared to
conventional SPL paradigms that do not include adaptive age parameter tuning.

Keywords self-paced learning, meta learning, sample re-weighting, learning with noisy labels, hyper-parameter
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