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Abstract: Objective Deep neural networks (DNNs) have been successfully applied in many fields, especially in com-
puter vision, which cannot be achieved without large-scale labeled datasets. However, collecting large-scale datasets with

accurate labels is difficult in practice, especially in some professional fields. The labeling of these datasets requires the
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involvement of relevant experts, thus increasing manpower and financial resources. To cut costs, researchers have started
using datasets built by crowdsourcing annotations, search engine queries, and web crawling, among others. However,
these datasets inevitably contain noisy labels that seriously affect the generalization of DNNs because DNNs memorize these
noise labels during training. Learning algorithms based on co-teaching methods, including Co-teaching+, JoCoR, and
CoDis, can effectively alleviate the learning problem of neural networks on noisy label data. Scholars have put forward dif-
ferent opinions regarding the use of two networks to solve noisy labels. However, in a noisy label environment, the deep
learning model based on CE loss is very sensitive to the noisy label, thus making the model easily fit the noisy label sample
and unable to learn the real pattern of the data. With the progress of training, Co-teaching causes the parameters of the two
networks to gradually become consistent and prematurely converge to the same network , thus stopping the learning process.
As the iteration progresses, the network inevitably remembers some of the noisy label samples and thus failing to distin-
guish the noisy from the clean samples accurately based on the cross entropy (CE) loss value. In this case, relying solely
on CE loss as a small loss selection strategy is not reliable. To solve these problems, this paper proposes learning with
noisy labels by co-teaching with history losses (Co-history) that considers historical information in collaborative learning.
Method First, to solve the overfitting problem of cross entropy loss (CE) in a noisy label environment, a correction loss is
proposed by analyzing the history of sample loss. The revised loss function adjusts the weight of the CE loss in the current
iteration in order for the CE loss of the sample to remain stable in the historical iteration as a whole, hence conforming to
the law that the classifier should be maintained after separating the noisy from the clean samples so as to reduce the influ-
ence of overfitting caused by CE loss. Second, the difference loss is proposed to address the problem of premature conver-
gence of two networks in the co-teaching algorithm. Inspired by contrast loss, the difference loss makes the two networks
maintain a certain distance from the feature representation of the same sample so as to maintain the difference between
these networks in the training process and to avoid their degradation into a single network. Given the differences in the net-
work parameters, various decision boundaries are generated, and different types of errors are filtered. Therefore, maintain-
ing such difference can benefit collaborative learning. Finally, due to the existence of overfitting, those samples with noisy
labels tend to have larger loss fluctuations than those samples with clean labels. By combining the historical loss informa-
tion of these samples and following the small loss selection strategy, a new sample selection method is proposed to select
clean samples accurately. Specifically, those samples with low classification losses and low fluctuations in historical losses
are selected as clean samples for training. Result Several experiments are conducted to demonstrate the effectiveness of the
Co-history algorithm, including comparison experiments on four standard datasets (F-MNIST, SVHN, CIFAR-10, and
CIFAR-100) and one real dataset (ClothinglM). Four categories of artificially simulated noise are added to the standard
dataset, including symmetric, asymmetric, pairflip, and tridiagonal noise types, with 20% and 40% noise rates for each
noise type. In the real dataset, the labels are generated by the text around the image , which contains the noise label itself,
thus generating no additional label noise. At the symmetric noise type with 20% noise rate, the co-history algorithm demon-
strates 2. 05%, 2.19%, 3.06%, and 2.58% improvements over the co-teaching algorithm in the F-MNIST, SVHN,
CIFAR-10, and CIFAR-100 datasets, respectively. With 40% noise rate, the corresponding improvements are 3. 52%,
4.77%, 6.16%, and 6.96%. In the real Clothing]M dataset, the best and lowest accuracies of co-history have improved
by 0.94% and 1. 2%, respectively, compared with the co-teaching algorithm. The effectiveness of the proposed loss is
proven by ablation experiments. Conclusion A correction loss is proposed in this paper to address the overfitting problem of
CE loss training and the historical law of sample loss, and a difference loss function is introduced to solve the premature
convergence of two networks in Co-teaching. In view of the traditional small-loss sample selection strategy, the historical
law of sample loss is fully considered in this paper, and a highly accurate sample selection strategy is developed. The pro-
posed Co-history algorithm demonstrates its superiority over the existing co-teaching strategies in a large number of experi-
ments. This algorithm also shows strong robustness in datasets with noisy labels and is particularly suitable for noisy label
scenarios. The various improvements in this algorithm are also clearly demonstrated in ablation experiments. Given that
this algorithm needs to analyze the historical loss information of each sample, the historical loss value of each sample
should be saved. Increasing the number of training samples would occupy more memory space, thus increasing computing

and storage costs. In addition, with a large number of sample categories, the performance of the proposed algorithm
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becomes suboptimal under some noisy environments (e. g. , asymmetric noise type with 40% noise rate and the CIFAR-100

dataset with 20% noise rate). Future work will focus on the development of high-performance solutions under the premise

of guaranteed accuracy and excellent robust classification algorithms for learning with noisy labels.
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- S RO BARZE UG PR & R bR 28 I B o
JE X BRI S A — i A g M

3) XS B WS (pairflip) o BF RS2 RS Tig
T 285 R B AH AR o

4) =X FR MR (tridiagonal ) 8 o 76 AH S
Tia] b () IR T 9 Y 52 P v R e S B

4 Bl bR 85 e W JE BE AN 1] 2 BT/, LA 6 25 40% Mk
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Fig. 2 Label transition matrix ((a) symmetric;

(b) asymmetric; (c¢) pairflip; (d) tridiagonal)
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CIFAR-100 48 5 o FH 7 J2 CNN 45 21731 2%
ban ClothinglM BT A4 ImageNet it b
1145 18 )= ResNet W& HE1 111145

A CAE F-MNIST, SVHN |, CIFAR-10 #1 CIFAR-
100 Z 45 42 (0 S2 50 o, (] Adam (R4 #E (B2 =
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h 256 x 256 4R K, # BT 0 224 x 224 4R R AE Rk
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batch) K/N& B 64, YRt frp, 2L 25
15 5, % 2] R0 B 8 x 10,5 x 107l 5 x
107, 5 SE AR —IR2E 2 %
3.1.4  XFHOHREE

AR SO B LA K B A R H S0 Ak, 380
PyTorch 5 ¥ Bk A 2 %, JF 7 NVIDIA RXT3090
GPU FHEATSCE0 . FT A MO FLAR T | 35 P Ak 44 B
RIS SCE A A TSI T E B, W ARIE A% i E
14 2 00 34 2R P AR ] 1 S 56 152 8 L7 R[] ) S 30 A5
T T,
3.1.5 PPN IRARFIAEAS SR B

AR SCR FHAS R AE M A b A9 E B 24 R Ot
55 o

RS I e 10 58 PP B AR 2 (%) , 43
J3) I WS AR 1) 43 2 M ff 238 D R AR A 2 I W BT
o BT SCIR TR 3 UK, i0 58k 3 RS 4 JE R R 11
SEE AR IEZE o RIS T B UL D A3 AT S 56 4
A 3 YR S50 A S (B 22 ) T I v R il £k
PR 22 B 28 s o BT Clothing I M (5 4
TR, T DL S T — R S8 il I 2R A
T AT HER 2R (best) A 24 MERR R (last) o

BB E TG A v e R SRR . AR SRR
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3.1.6 XtHREE

SRR 5 DR Seit A S TN L

1)Standard : >R FHPRIERE SR FEA T 45 5

2) APL(Ma 5, 2020) : 43k & 4 451 2k e 5011 25
T

3) co-teaching (Han 5 ,2018) + [A] B I 5 4 1~ [
25, I P28 A AR 5~

4)co-teaching+(Yu %5 ,2019) « [R]EF I 25 94~ ™)
28 PR 28 ST B REAS N R AR A 5

5)CNLCU-S(Xia % ,2022) : %4t 2 % I IX [a) il
T A TREAS %

6) CoDis(Xia %5 ,2023) « R B YIZR AN B2, 1
FHPR 7 22 TE WA 5 2 PR A4~ 0 4% 22 ) 7 A v

x1

3.2 ZWERNH

ASCHAT T R o B S 3 ke R WA SO B A 2K
PE o A 45 78 B 0L e A B4 4R (F-MNIST ., SVHN
CIFAR-10. CIFAR-100) F1 B 5 it 5t W 75 % 4 42
(Clothing I M) #EAT Ay L5 .
3.2.1 {HALSEE SRt

T Tl 52 9 7 A5 400 75 5 4f B CIFAR-10 1 2 Fh
FLA R I MR RS AR IR AT 5256, 40 1) ok Xof R e
7 (symmetric ) F1 B0 B 5% 1 P (pairflip) , 375 20%
F140% W75 2R 43 AT 5256, DA IEA SO 4%
Ik A R . SEE 2 AN BT R . T Al
56 0 FH P IEAN 6 A DA B S 36 18 [ %o L S 50 PR 4
—3,

7£ CIFAR-10 ##F & E#1TRYERASEIE

Table 1 Ablation experiment on the CIFAR-10 dataset

1%

‘ . symmetric pairflip
Fesk FEA PR fEIER R PN
20% 40% 20% 40%
N - - - 75.74+0.33 58.64+0.81 76.38+0.35 55.03+0.27
N N - - 82.54+0.28 77.36+0.41 82.75+0.21 75.94+0.14
N N N - 85.66+0.12 81.63+0.33 86.45+0.14 82.21+0.76
N N - v 86.04+0.20 80.74+0.24 86.49+0.18 80.77+0.21
N J J J 87.47+0.05 83.32+0.14 87.16+0.16 85.60+0.13

AL AR IR A, R R, = R AT

TG, RS AR SRR A B B R R A7 5
B, 75 X5 BRI 75 (symmetric ) 20% H1 40% M 75 5 ]
IRUER R B T 6. 8% 1 18. 72% , 15 Ji 4] I
(pairflip ) 20% F1 40% M & I A 25 431 i v
T 6.37%F120.91%. 45 REW T AT EDHIE
[ 545 5% AR AR S 4 SR W T A AU 3 o TR R
AR SRt G AL A AR

FLUR, e FLIEAN b 43 A e 1E 45 2% R 25 S5
P RBGHAT IR . R IE TE 45 2% R 5230
T X FR B 75 (symmetric ) 20% H1 40% M 75 5T
WEBH R 4> B4R B T 3. 12% Fl 4. 27%, 75 Ji %) M 75
(pairflip ) 20% F1 40% M &R IR 22 3531 2 1=
T 3.7% 6. 27% WS IN2E S50 sRABR SE g v 7
XiF Bk I 75 (symmetric ) 20% Fll 40% W7 5 3 v
BRI TS T 3. 50% 3. 38%, 16 WA I 75 (pair-
flip) 20% FI1 40% M 75 2N 0 32X 0 2R 43 S 4 s 1

3. 74% Fi14. 83%. MR HERG R A — 20 3 7 4 Ut
WG IE 451 % PR AR A5 55 1 M 7 AR & £ A5 A 45 R
B2, I L 22 5451 0% R RT3 P ) 27 20 A X
A R S RS T B 2T 5 Lk TR A

B2 IS IR SCHE H B T RBIGIEA T 5256, I 3K
T RIR B i, IR I 10 #ER bR ME 2 AH L T
TR PTREAR . ULRAA S A AT LABE TSR
PERE , 0] DAAHAS AL A e S5 A R o
3.2.2 BIEHIK sREs BT

XA TE 451 2% pRBIORT 7= A AR FHEEAT T S5 IE
B SEIBGRERA RALg R AR bR, o, 2Ry
T TR 36 JRORE S 0 A AR B0 ok RS T 3 BURE AR
S8 & A DN = A

T CEAFTERL LA [, AL ] R S 4015 e 7
FEA, — T REIR TSRz AL, B0 i R [
1%, 75— 7 1 AR T e RS eI St B
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PEFAEA M AR AR AR . P, CE i 005 1 R) 2
A2 F e 0 X 23 ARG 2 7 e A AR Al 3 0
Ko % HU co-teaching A FE £k ( Il 25 461 2% bR N

CE) , fE H AR T, SOR AN 2R3 2k CE B4y A 3L
JIT 4t 4 1E 45 2% eRERIEA T 0] L S50 (CIFAR-10 %%
P 4E , symmetric BEFT IS 40% MR R ) SR S5 R
WE 3 iR

84| — co-teaching-correction-loss —— co-teaching gal
82t . '
3ol 92+
{\q. 781 ']3@- 90 |
£ S
;’]@ 76 -Ed Ay
74} 88
72+ 36 F
10 --++ Co-teaching-correction-loss -+ Co-teaching
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Fig. 3 Correction loss experiment ((a) test accuracy; (b) pure rate)

FHG AR R A EBUR REUIVER T, co-
teaching % B PEREA T — & W4T, T Hbl &
EACHE YR B HE TN , S FEAE A 9 4l e 2T DR 28 i 7K
- Bk B BUIE B T A& IE 3 K BT LA SR CE Al
e HUAE SE A DS A LG R S AR AR B O
3.2.3  BLADIMR R RS AR SR A5 R A A

2 J8/R T F-MNIST 4l 8 ™ A SO ik Ll
Xof PO AAL VR Y 2 2 R o I 3 e 2 gt £ n 5T 4
N AniE2E B FOR

T F-MNIST %04 4 | , Co-history 78 T 45 M 2k

TUFNME P 3N 35 8 T e A 5, A0 L T co-
teaching , Co-history 7E X FR B 5 228 (symmetric ) 20%
1 40% M 7 35T I o 0 2R 0 4 5 T 2. 05% Al
3. 52% , FEAEXT BRI A 2 A (asymmetric ) 20% F1 40%
M P 3 I A 3 0 ol i 1 2. 19% il 3. 60%,
T J X W 75 25 8 (pairflip ) 20% F1 40% M 5 28R 3t
HERA R B R T 3. 06% Al 4. 06% , 75 = Ff X FR I
7 A (tridiagonal ) 20% F1 40% M 7 &7 0 48 o 1
RAIHRE T 2. 58% F14. 11%., MR HERRZR0948
A DAUE B AR SCHR H 5 3 A A5 , AR Sl 2 T v MR S
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Table 2 Comparisons with different methods on F-MNIST dataset

/%

symmetric asymmeltric pairflip tridiagonal
Tk
20% 40% 20% 20% 40% 20% 40%

Standard 87.46+£0.09 72.46+0.68 89.34+0.15 77.73+0.19 84.23+0.23  61.46+0.32  85.86+0.4 66.44+0.28
APL 93.08+0.02  90.08+0.08  92.91+0.05 78.35+0.33  91.98+0.12  65.25+0.52  92.87+0.03  83.56+0.31
co-teaching 91.20+0.03  88.06+0.06  91.29+0.16  86.32+0.09  89.97+0.09  84.99+0.11  90.54+0.05  86.29+0.09
co-teaching+  92.85:0.03  91.42+0.03 93.42:0.02 89.38+0.17 92.90+0.03  88.38+0.16  92.75:+0.08  90.40+0.08
CNLCU-S 92.36+0.12  91.32+0.07  92.06+0.04  81.78+0.09  91.69+0.08  87.74+0.10  92.20+0.08  89.74+0.07
CoDis 90.97+0.05  87.92+0.10  91.55+0.08  85.77+0.35 90.23+0.04  83.92+0.08 90.33+0.02  86.10+0.09
Co-history
(A0 93.25+0.02  91.58+0.03  93.48+0.02  89.92+0.28  93.03+0.04  89.05+0.21  93.12+0.03  90.40+0.07

T L P SRR 25 8 B A2 2R



Boklg, FES, TR, BXE

F29% /E 1211 /2024 £ 12 A Co-history: 1h[E% > P E B 15 BRI ERE GHFE A%
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Fig. 4 Test accuracy on F-MNIST dataset((a) 20% noise rate; (b) 40% noise rate)
BRGNS S50 25 AR T co-teaching A & 3R T SVHN 454 Co-history M T A %
RS T DU ARSI IO R B A IRJS 10 58 0 P S M R SRR 22 o
HALH HERR AR AN 5 TR
®3 AR FHEESVHN BIRE FRIRT L 547
Table 3 Comparisons with different methods on SVHN dataset
/%
symmetric asymmeltric pairflip tridiagonal
Tk
20% 40% 20% 40% 20% 40% 20% 40%
Standard 87.21+0.1 70.97+0.34  89.55+0.05  77.79+0.21  84.84+0.1 61.39+0.35 86.37+0.2 67.25+0.44
APL 95.12+0.01  92.71+0.02  94.22+0.04  79.04+0.6 93.37+0.01  65.42+0.17 94.92+0.02  85.24+0.32

co-teaching 91.98+0.04  89.21+0.23  91.91+0.35 88.0+0.43  91.24£0.27 85.94+0.06 92.03+0.04  87.94+0.04
co-teaching+ 94.71+0.01 92.86+0.03 94.37+0.03  88.14+0.06 94.15+0.02 88.68+0.14 94.74+0.01 91.88+0.06

CNLCU-S 93.16+0.10  91.91+0.06  94.67+0.04  92.84+0.06 93.52+0.04 89.99+0.10 93.32+0.05  90.76+0.08
CoDis 91.67+0.04  89.19+0.08 92.10+0.06 87.27+0.18 91.25+0.07 85.09+0.11 91.83+0.03  88.34+0.01
Co-history

(A0 95.43+0.01  93.98+0.01 94.80+0.04 91.48+0.07 94.60+0.04 90.95+0.15 95.3+0.01  92.98+0.03

T L SRR 5 8 B A2 2R

Co-history 728 K AR 7 W S HUMIBA R R G5 FESR I AM R WS B9 co-teaching+ il CoDis , A S5 ¥4
B 7 B 0 v G A o AT RUAE AR SCEE X co- TR A SR A IVERT F 0T co-teaching+
teaching FPAF7E [ A IS AT AR o [RIIRE, XFEEIR) 0 CoDis , 5 )2 AE MR P S BUAR RS 2R AN B o T 1Y
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Fig. 5 Test accuracy on SVHN dataset((a) 20% noise rate (h) 40% noise rate)
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S IEE G

FA4ER T CIFAR-10 54 42 T Co-history K& fit
AR OB (R B R 10 58 1 SF- 257 3000 48 v Affy 23R R s o
25. MR, At Zean 15l 6 s .

CIFAR-10 H548 48 (14 1R X 85 A, XepASE 784 114 )1
25T BBk . Co-history 77 BE7E AR 4E | M0
LS R MERE 7 TR MR R 2R R H Ak B T s R
B, LR 7R M KR 78 X AR M 2 (sym-
metric)40% M 75 3K Co-history #H . Co-teaching i
T16. 16% , TEAEXS PRI A 261 (asymmetric ) 40% M P
R T 9. 59%, 78 56T M 75 25 (pairflip) 40%
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Table 4 Comparisons with different methods on CIFAR-10 dataset

/%
S symmetric asymmetric pairflip tridiagonal
20% 40% 20% 40% 20% 40% 20% 40%

Standard 75.74+0.33  58.64+0.81 82.32+0.14 72.19+0.32  76.38+0.35 55.03+0.27 76.26+0.26  58.72+0.26
APL 84.20£0.11  76.19+0.20  83.36+0.21 71.14+0.15 81.48+0.08 52.98+0.18 83.29+0.09  65.80+0.62
co-teaching 82.24+0.18  77.16+0.10  80.76x+0.11  72.85+0.11 82.55+0.10  75.74+0.14  82.50+0.12  76.28+0.12
co-teaching+ 81.96+0.12  71.49+0.33  79.68+0.13  70.96+0.69 79.71+0.14  58.39+0.76  81.15+0.05 64.79+0.47
CNLCU-S 83.31+£0.12  78.60+0.17  85.24+0.15 73.96+0.10 82.55+0.39 73.35+0.16 83.31x0.19  76.11+0.13
CoDis 82.36+0.24  77.04+0.09 84.58+0.05 75.30+0.32  82.53+0.23 70.86+0.22  82.69+0.07  74.59+0.05
Co-history
(A 30) 87.47+0.05 83.32+0.14 87.95+0.12 82.44:0.09 87.16+0.16 85.60+0.13 86.98+0.05 82.20+0.16

T L P SRR 25 8 B A2 2R
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Fig. 6 Test accuracy on CIFAR-10 dataset((a) 20% noise rate; (h) 40% noise rate)

MR R TR T 9. 86%, 7 — M XT PRI A 2K A (tidi-  Co-history /i H& bk
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Table 5 Comparisons with different methods on CIFAR-100 dataset

/%
- symmetric asymmetric pairflip tridiagonal
20% 40% 20% 40% 20% 40% 20% 40%

Standard 31.98+0.30 20.36+0.60 39.21+0.06 27.80+0.09 39.30+0.03 27.65+0.02 38.73+0.07 27.81+0.05
APL 44.66+0.04 37.83+0.04 45.39+0.07  32.9+0.03 44.81+0.04 31.31+0.08 45.48+0.03 38.07+0.04
co-teaching 43.61+0.09 37.96+0.14 43.37+0.11 31.84+0.1  43.37+0.11 31.84+0.10 44.46+0.08 36.11+0.06
co-teaching+ 49.41+0.02 43.89+0.07 48.78+0.09 35.94+0.03 48.33+0.02 36.24+0.09 48.95+0.05 42.99+0.05
CNLCU-S 47.17+0.02 41.91+0.08 42.96+0.02 29.97+0.05 43.16+0.01 30.25+0.02 46.00+0.01 35.70+0.01
CoDis 43.16+£0.08 38.01+0.06 39.42+0.01 28.51+0.06 43.31+0.07 31.37+0.14 44.48+0.17 37.40+0.09

Co-history(A<30)  49.60+0.07 44.92+0.04 45.07+0.11 32.52+0.04 48.42+0.04 34.55+0.05 49.48+0.05 40.03+0.16

T L PR R 25 B i A4 2R

JAE Co-history 75 I B3 48 Hh 1) 3 1 AS fiE 430 H. Co-history 75 ¥ 78 Jr 4 W 7 2 U () i A5 W 7 6
BB AH AR B — B W5 e T FE R e s Y F co-teaching 572 , X Fb co-teaching , 7£ X K i
FAUFINE R S AR IH AT AR B R e % . JF 75 (symmetric) 20% F1 40% M R R, 2 il 48 & T
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Fig. 7 Test accuracy on CIFAR-100 dataset((a) 20% noise rate; (bh) 40% noise rate)
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Table 6 Comparisons with different methods on
Clothing1M dataset
1%

ik Best Last
Standard 67.22 64.68
APL 56.01 55.84
co-teaching 69.21 68.51
co-teaching+ 59.32 58.79
CNLCU-S 71.37 70.76
CoDis 70.48 69.95
Co-history (A 3() 70.15 69.81

TE O PR R R 2 9 B AL 25

4 & it

AR SCEF XS R ) CE 453 R I A7 70 B U5
PRGBS REABUR A Dy LR, fe th T IERR pR
Ho Rl X Co-teaching "1 77 75 1Y P A~ X 45 iat 1
WSS B A SR AT 1 B TR, B2 T 22 A Ok e



$29% /E 128 /2024 £12 B

Boklg, FES, TR, BXE
Co-history: thEFIHEEHEEEHRERFEEFITE

B BT, R GEIMBUR AR PR G, A SCTE 4
5 RREAI R B Dy s R B T RS M AR
PR WS . AN[E] T LI co-teaching H ) 2 > TR,
AT MABTA SR TR RRE . JF L, 2 K
SCRABAIE , AR SO IEM T 3L 7 i e AT M R bR 2
(R AE v A A B IR A M, NS T M AR
St BLAI, T RS 0 T A HE I T AR SO
2% T RO B A S

KRS TG B TR REAR I 7 s 45 R A
B UL BARAE R REAS I DT SR R . YUk
REAKCE UASEIE TINisE, BF o FH %) N A5 ) 23 Bl 22 386
I, T FBO T RAEAE ARG N . Ak FEREAE
BB L Ay TR B PEREAE B WS BR8P AN
AEIA AL (41 CIFAR-100 55 4E asymmetric B2
RI20% 40% WP R 55 ) o PRI, ZE AR B TAES R
PRUEAS B AT EE T SR S PR RE A i ey 28 L it —
ARR TN TS B R G i Bk

2 % 3k (References)

Arpit D, Jastrzebski S, Ballas N, Krueger D, Bengio E, Kanwal M S,
Maharaj T, Fischer A, Courville A, Bengio Y and Lacoste-Julien
S. 2017. A closer look at memorization in deep networks//Proceed-
ings of the 34th International Conference on Machine Learning. Syd-
ney, Australia: JMLR.org: 233-242

Blum A, Kalai A and Wasserman H. 2003. Noise-tolerant learning, the
parity problem, and the statistical query model. Journal of the ACM
(JACM), 50(4): 506-519 [DOI: 10.1145/792538.792543 ]

Diaz F. 2009. Integration of news content into web results//Proceedings
of the 2nd ACM International Conference on Web Search and Data
Mining. Barcelona, Spain: ACM: 182-191 [DOI: 10.1145/
1498759.1498825

Ding Y F, Wang L Q, Fan D L and Gong B Q. 2018 A semi-supervised
two-stage approach to learning from noisy labels//Proceedings of
2018 IEEE Winter Conference on Applications of Computer Vision.
Lake Tahoe, USA: IEEE: 1215-1224 [DOI: 10.1109/wacv.2018.
00138]

Ghosh A, Kumar H and Sastry P S. 2017. Robust loss functions under
label noise for deep neural networks//Proceedings of the 31st AAAI
Conference on Artificial Intelligence. San Francisco, USA: AAAIL:
1919-1925

Ghosh A, Manwani N and Sastry P S. 2015. Making risk minimization
tolerant to label noise. Neurocomputing, 160: 93-107 [DOI: 10.
1016/j.neucom.2014.09.081 |

Han B, Yao Q M, Yu X R, Niu G, Xu M, Hu W H, Tsang I W and

Sugiyama M. 2018. Co-teaching: robust training of deep neural net-
works with extremely noisy labels//Proceedings of the 32nd Interna-
tional Conference on Neural Information Processing Systems.
Montréal, Canada: Curran Associates Inc.: 8536-8546

Huang Z, Zhang J and Shan H. 2023. Twin contrastive learning with
noisy labels//Proceedings of 2023 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Vancouver, Canada: IEEE:
11661-11670[ DOI: 10.1109/cvpr52729.2023.01122 ]

Jiang L, Zhou Z Y, Leung T, Li L J and Li F F. 2018. MentorNet:
learning data-driven curriculum for very deep neural networks on
corrupted labels//Proceedings of the 35th International Conference
on Machine Learning. Stockholm, Sweden: PMLR: 2304-2313

Kim Y, Yun J, Shon H and Kim J. 2021. Joint negative and positive
learning for noisy labels//Proceedings of 2021 IEEE/CVFE Confer-
ence on Computer Vision and Pattern Recognition. Nashville,
USA: IEEE: 9437-9446 [ DOI: 10.1109/cvpr46437.2021.00932 |

Krizhevsky A. 2009. Learning multiple layers of features from tiny
images [EB/OL]. [2023-07-02].
http://www.cs.utoronto.ca/~kriz/learning-features-2009-TR.pdf

Krizhevsky A, Sutskever I and Hinton G EH. 2017. Imagenet classifica-
tion with deep convolutional neural networks. Communications of
the ACM, 60(6): 84-90 [DOI: 10.1145/3065386 ]

Li J N, Socher R and Hoi S C H. 2020. DivideMix: learning with noisy
labels as semi-supervised learning//Proceedings of the 8th Interna-
tional Conference on Learning Representations. Addis Ababa,
Ethiopia: OpenReview.net: 1-14

Li Y X, Shen J R and Xu Q. 2023. A summary of image recognition-
relevant multi-layer spiking neural networks learning algorithms.
Journal of Tmage and Graphics, 28(2) : 385-400 (Z=#fE8, HIVT.5¢,
3% . 2023, T8 1] PRI Y 22 2 Ik bl 22 160 246 2 ) BER 2R
b G KR 2, 28 (2) @ 385-400) [DOT: 10.11834/jig.
220452 ]

LiuJ R, Jiang D G, Yang Y K and Li R R. 2022. Agreement or disagree-
ment in noise-tolerant mutual learning?//Proceedings of the 26th
International Conference on Pattern Recognition. Montréal,
Canada: IEEE: 4801-4807 [ DOI: 10.1109/icpr56361.2022.9956595 ]

Liu T L and Tao D C. 2016. Classification with noisy labels by impor-
tance reweighting. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 38 (3) : 447-461 [DOI: 10.1109/tpami.2015.
2456899

Lukasik M, Bhojanapalli S, Menon A K and Kumar S. 2020. Does label
smoothing mitigate label noise?//Proceedings of the 37th Interna-
tional Conference on Machine Learning. Vienna, Austria: PMLR:
6448-6458

Ma X J, Huang H X, Wang Y S, Sarah Erfani S R and Bailey J. 2020.
Normalized loss functions for deep learning with noisy labels//Pro-
ceedings of the 37th International Conference on Machine Learning.
Vienna, Austria: JMLR.org: 6543-6553

Mahajan D, Girshick R, Ramanathan V, He K M, Paluri M, Li Y X,

3697



3698

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 12,Dec. 2024

Bharambe A and van der Maaten L. 2018. Exploring the limits of
weakly supervised pretraining//Proceedings of the 15th European
Conference on Computer Vision. Munich, Germany: Springer:
185-201 [ DOI: 10.1007/978-3-030-01216-8_12 ]

Netzer Y, Wang T, Coates A, Bissacco A, Wu B and Ng A Y. 2011.
Reading digits in natural images with unsupervised feature learn-
ing//Proceedings of NIPS Workshop on Deep Learning and Unsuper-
vised Feature Learning. Granada, Spain: NIPS: 462-471

Patrini G, Rozza A, Menon A K, Nock R and Qu L Z. 2017. Making
deep neural networks robust to label noise: a loss correction
approach//Proceedings of 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu, USA: IEEE: 2233-
2241 [DOI: 10.1109/cvpr.2017.240]

Pham H, Dai Z H, Xie Q Z and Le Q V. 2021. Meta pseudo labels//Pro-
ceedings of 2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Nashville, USA: IEEE: 11552-11563 [DOI:
10.1109/CVPR46437.2021.01139 ]

Song H, Kim M, Park D, Shin Y and Lee J G. 2023. Learning from
noisy labels with deep neural networks: a survey. IEEE Transac-
tions on Neural Networks and Learning Systems, 34 (11) : 8135-
8153 [DOI: 10.1109/tnnls.2022.3152527

Wang Y S, MaX ], ChenZ Y, Luo Y, YiJ F and Bailey J. 2019. Sym-
metric cross entropy for robust learning with noisy labels//Proceed-
ings of 2019 IEEE/CVF International Conference on Computer
Vision. Seoul, Korea (South) : IEEE: 322-330 [DOI: 10.1109/
icev.2019.00041 |

Wei H X, Feng L, Chen X Y and An B. 2020. Combating noisy labels
by agreement: a joint training method with co-regularization//Pro-
ceedings of 2020 IEEE/CVFE Conference on Computer Vision and
Pattern Recognition. Seattle, USA: IEEE: 13723-13732 [DOI:
10.1109/cvprd2600.2020.01374 ]

Wei Q, Sun H L, Lu X K and Yin Y L. 2022. Self-filtering: a noise-
aware sample selection for label noise with confidence penalization//
Proceedings of the 17th European Conference on Computer Vision.
Tel Aviv, lIsrael: Springer: 516-532 [DOI: 10.1007/978-3-031-
20056-4_30]

Xia X B, Han B, Zhan Y B, Yu J, Gong M M, Gong C and Liu T L.
2023. Combating noisy labels with sample selection by mining high-
discrepancy examples//Proceedings of 2023 IEEE/CVFE Interna-
tional Conference on Computer Vision. Paris, France: IEEE:
1833-1843 [ DOI: 10.1109/icev51070.2023.00176

Xia X B, Liu T L, Han B, Gong M M, YuJ, Niu G and Sugiyama M.
2022. Sample selection with uncertainty of losses for learning with
noisy labels//Proceedings of the 10th International Conference on
Learning Representations. Virtual Place: IEEE: 1-23

Xiao H, Rasul K and Vollgraf R. 2017. Fashion-MNIST: a novel image
dataset for benchmarking machine learning algorithms [EB/OL].
[2023-07-02 ]. https:/arxiv.org/pdf/1708.07747.pdf

Xiao T, Xia T, Yang Y, Huang C and Wang X G. 2015. Learning from

massive noisy labeled data for image classification//Proceedings of
2015 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Boston, USA: IEEE: 2691-2699 [DOI: 10.1109/cvpr.2015.
7298885 ]

Yan Y, Rosales R, Fung G, Subramanian R and Dy J. 2014. Learning
from multiple annotators with varying expertise. Machine Learning,
95(3): 291-327 [DOI: 10.1007/510994-013-5412-1]

Yi K and Wu J X. 2019. Probabilistic end-to-end noise correction for
learning with noisy labels//Proceedings of 2019 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition. Long Beach,
USA: IEEE: 7010-7018 [ DOI: 10.1109/cvpr.2019.00718 |

Yu X R, Han B, Yao J C, Niu G, Tsang I and Sugiyama M. 2019. How
does disagreement help generalization against label corruption?//
Proceedings of the 36th International Conference on Machine Learn-
ing. Long Beach, USA: PMLR: 7164-7173

YuXY, LiuTL, Gong M M, Batmanghelich K and Tao D C. 2018. An
efficient and provable approach for mixture proportion estimation
using linear independence assumption//Proceedings of 2018 IEEE/
CVF Conference on Computer Vision and Pattern Recognition. Salt
Lake City, USA: IEEE: 4480-4489 [DOI: 10.1109/cvpr. 2018.
00471]

Zhang K, Feng X H, Guo Y R, Su Y K, Zhao K, Zhao Z B, Ma Z Y
and Ding Q L. 2021. Overview of deep convolutional neural net-
works for image classification. Journal of Image and Graphics,
26(10) : 2305-2325 (5K, HERT, SRR, 5 S, B,
BARIT, B, T IR 2021, B3 28 TR S P 48 1 2%
BEAIZEIR . p [ E R ETE 24, 26(10) : 2305-2325)[DOI: 10.
11834/4ig.200302 ]

Zhang Y, Niu G and Sugiyama M. 2021. Learning noise transition matrix
from only noisy labels via total variation regularization//Proceedings
of the 38th International Conference on Machine Learning. [s.1.] :
PMLR: 12501-12512

Zhang 7 L. and Sabuncu M R. 2018. Generalized cross entropy loss for
training deep neural networks with noisy labels//Proceedings of the
32nd Conference on Neural Information Processing Systems.

Montréal, Canada: NeurIPS: 8792-8802

&=

HOKIE T, B0, WA S0, E BT 0 R LAS -~ R
R TR A B B AL B

E-mail : dongyf@hebut.edu.cn

FR EEEE B BB, WA I, 22055 1 A AL
e AU AT E 2

E-mail : wangzhen@hebut.edu.cn

AR, 5 WA SR TR 1) A R AL BRI
AL, E-mail : lijiaweil024@foxmail.com

i S/ QR 1 B ) o e o2 | L D S L | R e
>J . E-mail:jiawenyu2021@163.com



