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Label Noisy Image Classification Based on Sample Selection

WEN Zheng, CAO Guo

(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: Label noise is widely present and unavoidable, and it affects the performance of deep network models. Sample
selection methods based on the principle of small loss can easily and effectively handle label noise by the “memory
effect” of neural networks. This study proposes a new sample selection principle and a two—sta}}ge.‘.weighted sample
selection and relabeling method (WSSR-2s) based on the principle that a closer sample distance'in the feature space
results in more similarity, combined with the assumption of high and low confidence of the samples. In the early training
stage, for high-confidence samples, their voting rights are weighted in the feature space to better guide training. In the
middle and later stages of training, for low-confidence samples, théi,r voting rights are transferred to their most similar
feature samples for more accurate training. The experimental results on synthetic noise datasets CIFAR-10 and CIFAR-
100, as well as real noise datasets ANIMAL-10N and WebVision, show that the proposed method achieves higher
accuracy and can better handle label noise problems.

Key words: label noise; sample‘selection; confidence hypothesis; sample voting right; sample weighting
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LongReMix™ ! %7802 9232 — —
'RRL 76.3 91.5 733 91.2
SSR™ 80.92 92.80 75.76 91.76
WSSR-2s 81.77 93.51 76.21 92.32

# 5 ANIMAL-10N $HRHERISIEE R (%)

J7%:  Cross-entropy SELFIE®” PLC®" NCT™ SSR WSSR-2s

R 79.4 81.8 834 841 882  88.7

43 EXIEEHIEE

X+ WebVision, A< 3 f# A InceptionResNetv2. E.
b, {5 H SGD flttb #3515 150 4~ epoch, ZhE N 0.9,
PR ER N 1E-4. W% 21 % 0.01, I HAE 50
100 NI 2 5 FEAR 10 5. #OR/NRE € v 320 %1
ANIMAL-10N, A VGG-19, b Tita—4k. B
Yt {5 SGD k#3125 150 4 epoch, B5A 0.9,

B PN SE-4. WIUG 521 %N 0.02, FF HAE 50 AL,

100 /N2 S5 BRAE 10 6%, /N E 52 2 128, 5F T BT
5 B A MR S, ASC B T ISk
WA, T 6, [ A 0.95. X T ¥ 4% B, =09,
0,=02,w=2, T" &E A epoch [ 1/6 J 25.

G, ER 4y K5, R0 RoR T WebVision
AT ANIMAL-10N #4451, B & 2, AIWT7
VRAE RIS 0 2% T H K 48 4R 0 /N AR N K b 7 110 M
B AR U TR EUAS T 5 22 A e S E R AR A bG8 4 B
HA T4 IR BE. R B #85%d BE 7 VA SR T — 2 1
Bz
4.4 S EENBUER B IE

AR SCAKE TR R 23 B B S A SO T VE I Rk
T R S0 SR 36 UF H A k. B b, 4y R T IE,

B2 6 T LU t, A SCHR th 0 B I BT 54925
ST PR A RO, 7E T2 RN 3
S, B 1 7 A RS AL B SR T T I,
B 2 5 SRR AR T AR LT TR
SR T A2 HL1, EO ¢ A B A
B 52, AU R >, T2 T B B R A 0 S AL
T 7745 2 S ., e — 5 A S E W i B T
e 5 T

LA 6 S BRI R SR R (%)

CIFAR-10 CIFAR-100
Methods
80%N 90%N 80%N 90%N
SSR 95.31 93.94 71.66 63.08
WSSR-1s 95.46 94.11 71.73 63.24
WSSR-2s 95.63 94.27 71.94 63.68

4.5 HEIFHEIF

FEZR 7 h, FATIC K T RBERAE AT 56 i Kot 4k
AP BRIZ AT AL W LA Y, SRR AL RR A [A]
AR, FEAR e 356 A0 BT b A A I TR) L F- 7T BL 22 AN Tt
[ BN, FATT R B Bk 75 32 1D e 8] O 4 ) e T DA 22
W ANTE. FRUGIE R, JATH 5B AT TR T [ 52 A1
AT, AT B ARIR AL AL &, AT ZEAAM IneE
B, AFEFR BN T HITH, SUZ ARl 2R3
W, FICRE NS M P AR 25 R AR B AR LT HOR.
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5 4w

SO T REAS B4 T ARAS J7 i SSR, R T R
BEAB (S B, JFIE T B Y 7 20 W B 1 S
HETT . 55 BT % 5 2 L) AR AN L
HLL, %30Tk 7 T35 o S0 R R RS A (RN 3 —
SR T RE A BLA P FOA 0, 6 P AR 0 PR T 25
AN HER A S 1 43 B AR . 35t 1 S A
SYHT R, A% SR P A A S AT 1 i U R
R 1 S0 A 0, ORI T R 5 2,
I 7 9 S B T T S ROk T Bk ) BT R
273 [ P e 7 R B 1 B (B4 A S 0
MR

SE 3Rk

1 EBEH, BEAN. bR s 2 S BOL LR T EAL RGN,
2021, 30(1): 10-18. [doi: 10.15888/j.cnki.csa.007776]

2 SO, AR, — R T T R TR S A F ) Ak R A
P IETTIE. EALN S AE, 2022, 39(7): 6-12, 37. [doi:
10.3969/.issn.1000-386x.2022.07.002]

3 kR, e, T8 I TSI S MR B bR 2 s i
VETT L. THEIHLN A, 2021, 41(12): 3485-3491.

4 McNicol D. A Primer of Signal Detection Theory. Mahwah:

L. Erlbaum Associates, 2005.

5 Zhang CY, Bengio S, Hardt M, et al Understanding deep
learning requires rethinking generalization. Proceedings of
the  5Sth
Representations. Toulon: OpenReview.net, 2017.

6 Jiang L, Zhou ZY, Leung T, et al. MentorNet: Learning data-

. 3 .
International # Conference on  Learning

driven curriculum for very deep neural networks on
corrupted labels. Proceedings of the 35th International
Conference on Machine Learning. Stockholm: PMLR, 2018.
2309-2318.

7 Malach E, Shalev-Shwartz S. Decoupling “when to update”
from “how to update”. Proceedings of the 31st International
Conference on Neural Information Processing Systems. Long
Beach: Curran Associates Inc., 2017. 961-971.

8 Han B, Yao QM, Yu XR, et al. Co-teaching: Robust training

60 L itZ5ik Special Issue

9

10

11

14

16

18

of deep neural networks with extremely noisy labels.
Proceedings of the 32nd International Conference on Neural
Information  Processing Montreal:  Curran
Associates Inc., 2018. 8536-8546.

Yu XR, Han B, Yao JC, ef al. How does disagreement help

Systems.

generalization against label corruption? Proceedings of the
36th International Conference on Machine Learning. Long
Beach: PMLR, 2019. 7164-7173.

Wei HX, Feng L, Chen XY, et al. Combating noisy labels by
agreement: A joint training method“with co-regularization.
Proceedings of the 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle: IEEE, 2020.
13723-13732.

Wang XS., Hua Y, Kodirov E, et al. IMAE for noise-robust
lea;ning: Mean absolute error does not treat examples equally
and gradient magnitude’s variance matters. arXiv:1903.
12141, 2019.

Wang YS, Ma XJ, Chen ZY, et al. Symmetric cross entropy
for robust learning with noisy labels. Proceedings of the 2019
IEEE/CVF International Conference on Computer Vision.
Seoul: IEEE, 2019. 322-330.

Wang YS, Liu WY, Ma XIJ, et al. Iterative learning with
open-set noisy labels. Proceedings of the 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Salt Lake City: IEEE, 2018. 8688-8696.

Guo S, Huang WL, Zhang HZ, et al. Cur\riculumNet: Weakly
supervised learning from largeu}#scéle web  images.
Proceedings of the 15th European Conference on Computer
Vision (ECCV).Y!Munich: Springer, 2018. 139-154.

Ren MY, Zeng WY, Yang B, et al. Learning to reweight
examples for robust deep learning. Proceedings of the 35th
International Conference on Machine Learning. Stockholm:
PMLR, 2018. 4331-4340.

Shu J, Xie Q, Yi LX, et al. Meta-weight-net: Learning an
explicit mapping for sample weighting. Proceedings of the
33rd International Conference on Neural Information
Processing Systems. Vancouver: Curran Associates Inc.,
2019. 172.

Li JN, Socher R, Hoi SCH. DivideMix: Learning with noisy
labels as semi-supervised learning. Proceedings of the 8th
International Conference on Learning Representations. Addis
Ababa: OpenReview.net, 2020.

Berthelot D, Carlini N, Goodfellow 1, et al. MixMatch: A
holistic approach to semi-supervised learning. Proceedings of
the 33rd International Conference on Neural Information

Processing Systems. Vancouver: Curran Associates Inc.,

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.15888/j.cnki.csa.007776
https://doi.org/10.3969/j.issn.1000-386x.2022.07.002
https://doi.org/10.3969/j.issn.1000-386x.2022.07.002
https://doi.org/10.3969/j.issn.1000-386x.2022.07.002
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2024 4F #3533 % H2

http://www.c-s-a.org.cn

i H AR SN A

19

20

21

22

23

24

25

26

2019. 454.

Feng C, Tzimiropoulos G, Patras I. SSR: An efficient and
robust framework for learning with unknown label noise.
Proceedings of the 33rd British Machine Vision Conference.
London: BMVA Press, 2022. 372.

Patrini G, Rozza A, Menon AK, et al. Making deep neural
networks robust to label noise: A loss correction approach.
Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu: IEEE, 2017.
2233-2241.

Yi K, Wu JX. Probabilistic end-to-end noise correction for
learning with noisy labels. Proceedings of the 2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019. 7010-7018.

Liu S, Niles-Weed J, Razavian N, et al. Early-learning
regularization prevents memorization of noisy labels.
Proceedings of the 34th International Conference<on Neural
Information Processing « Systems. Vancouver: Curran
Associates Inc., 2020: 1707. &

Li JN, Xiong CM, 'Hog SCH. Learning from noisy data with
robust representation learning. Proceedings of the 2021
IEEE/CVF International Conference on Computer Vision
(ICCV). Montreal: IEEE, 2021. 9465-9474.

Wu ZF, Wei T, Jiang JW, et al. NGC: A unified framework
for learning with open-world noisy data. Proceedings of the
2021 IEEE/CVF International Conference on Computer
Vision. Montreal: IEEE, 2021. 62-71.

Nishi K, Ding Y, Rich A, ef al. Augmentation strategies for
learning with noisy labels. Proceedings of the 2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Nashville: IEEE, 2021. 8018-8027.

Zheltonozhskii E, Baskin C, Mendelson A, et al. Contrast te- |

27

28

29

30

31

32

divide: Self-supervised pre-training for learning with noisy
labels. of the 2022 IEEE/CVF Winter
Conference on Applications of Computer Vision. Waikoloa:
IEEE, 2022. 387-397.

Lee K, Yun S, Lee K, et al. Robust inference via generative

Proceedings

classifiers for handling noisy labels. Proceedings of the 36th
International Conference on Machine Learning. Long Beach:
PMLR, 2019. 3763-3772.
Sachdeva R, Cordeiro
EvidentialMix: Learning with combir}ed open-set and closed-
set noisy labels. Proceedings of the 2021 IEEE Winter
Conference on /expplications of Computer Vision. Waikoloa:
IEEE, 2021. 3606-3614.

Cordeiro FR, Sachdeva R, Belagiannis V, et al. LongReMix:
Roi)ust learning with high confidence samples in a noisy
label environment. Pattern Recognition, 2023, 133: 109013.
[doi: 10.1016/j.patcog.2022.109013]

Song H, Kim M, Lee JG. SELFIE: Refurbishing unclean

samples for robust deep learning. Proceedings of the 36th

FR, Belagiannis V, et al.

International Conference on Machine Learning. Long Beach:
PMLR, 2019. 5907-5915.

Zhang YK, Zheng SZ, Wu PX, et al. Learning with feature-
dependent label noise: A progressive approach. Proceedings
of the O9th
Representations. OpenReview.net, 2021.

Chen YY, Shen X, Hu SX, et al. Boosti,ng co-teaching with

International Conference on Learning

compression regularization for label’ noise. Proceedings of
the 2021 IEEE/CVE Conferenceson ‘COmputer Vision and
Pattern Recogn“ition Workshops. Nashville: IEEE, 2021.
2682-2686.

(B ed: FhEHE)

Special Issue & i%5ik 61

© TEREBIK R

http://www.c-s-a.org.cn


https://doi.org/10.1016/j.patcog.2022.109013
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 概述
	2 相关工作
	3 提出的WSSR-2s方法
	3.1 问题定义
	3.2 根据样本置信度改进样本票权

	4 实验
	4.1 概述
	4.2 合成噪声数据集
	4.3 真实噪声数据集
	4.4 分阶段票权改进的有效性验证
	4.5 计算开销分析

	5 结论
	参考文献

