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Noisy Label

< Approaches for Label Noise Learning
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Noisy Label

% Label Noise Learning with Semi-Supervised Learning Approach
-  RHO9llossE 7|T=2=2 £ F7|0IC} clean / noisy HIO|H +&

«  Clean H|O|E{ — labeled EIO|E{ / Noisy El|O|E{ — unlabeled H[0|E{ F| &

Clean Noisy
Density_ | — Clean —>  Labeled
R i
C 3 i
Mixed Model ] o Semi-Supervised
Dataset ] Learning
N ]
Threshold loss L Noisy —> Unlabeled

Copyright © 2025, All rights reserved. -10 - .{\ D M Q /\



Introduction

Related Seminar

% Label Noise Learning

Deep Neural Networks
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MixUp

% MixMatch: A Holistic Approach to Semi-Supervised Learning (2019, Neurips)

MixMatch: A Holistic Approach to N
Semi'superViSed Learning s A Holistic Approach to Semi-Supenvised Leaming

David Berthelot Nicholas Carlini Ian Goodfellow
Google Research Google Research Work done at Google
dberth@google.com ncarlini@google.com ian-academic@mailfence.com
Avital Oliver Nicolas Papernot Colin Raffel Saiiil ised | Eed l
Google Research Google Research Google Research emi-supervised learning in deep neura
avitalo@google.com papernot@google.com craffel@google.com
ELEry N a ojgid
Abstract

Semi-supervised learning has proven to be a powerful paradigm for leveraging C|
unlabeled data to mitigate the reliance on large labeled datasets. In this work, we o =&
unify the current dominant approaches for semi-supervised learning to produce a
new algorithm, MixMatch, that guesses low-entropy labels for data-augmented un-
labeled examples and mixes labeled and unlabeled data using MixUp. MixMatch
obtains state-of-the-art results by a large margin across many datasets and labeled
data amounts. For example, on CIFAR-10 with 250 labels, we reduce error rate by a
factor of 4 (from 38% to 11%) and by a factor of 2 on STL-10. We also demonstrate
how MixMatch can help achieve a dramatically better accuracy-privacy trade-off
tor differential privacy. Finally, we perform an ablation study to tease apart which
components of MixMatch are most important for its success. We release all code
used in our experiments.'

21 H|C|2 AlE (YouTube)

MOjLEE 27| —

Berthelot, D., Carlini, N., Goodfellow, I., Papernot, N., Oliver, A., & Raffel, C. A. (2019). Mixmatch: A holistic approach to semi-supervised learning. Advances in neural information processing systems, 32.
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% MixUp in Semi-Supervised Leaming
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Paper

% DivideMix: Learning with Noisy Labels as Semi-Supervised Learning (2020, ICLR)

«  FXETEG EHHE T MixMatchE =2

DIVIDEMIX: LEARNING WITH NOISY LABELS AS
SEMI-SUPERVISED LEARNING

Junnan Li, Richard Socher, Steven C.H. Hoi
Salesforce Research
{iunnan.li, rsocher, shoi}fsalesforce.com

ABSTRACT

Deep neural networks are known to be annotation-hungry. Numerous efforts have
been devoted to reducing the annotation cost when learning with deep networks.
Two prominent directions include learning with noisy labels and semi-supervised
learning by exploiting unlabeled data. In this work, we propose DivideMix, a
novel framework for leaming with noisy labels by leveraging semi-supervised
learning techniques. In particular, DivideMix models the per-sample loss dis-
tribution with a mixture model to dynamically divide the training data into a
labeled set with clean samples and an unlabeled set with noisy samples, and
trains the model on both the labeled and unlabeled data in a semi-supervised
manner. To avoid confirmation bias, we simultaneously train two diverged net-
works where each network uses the dataset division from the other network. Dur-
ing the semi-supervised training phase, we improve the MixMatch strategy by
performing label co-refinement and label co-guessing on labeled and unlabeled
samples, respectively. Experiments on multiple benchmark datasets demonstrate
substantial improvements over state-of-the-art methods. Code is available at

3 ] TERT

tps://github.com/LidJunnanl®92,/DivideMix.

Li, J., Socher, R., & Hoi, S. C. (2020). Dividemix: Learning with noisy labels as semi-supervised learning. arXiv preprint arXiv:2002.07394.
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% Label Co-Refinement & Label Co-Guessing
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DivideMix

Experiments

<+  Main results

«  Symmetric noise M2 E0|M 71 250t d5 EE

Dataset | CIFAR-10 I CIFAR-100
Method/Noise ratio | 20% | 50% | 80% | 90% || 20% | 50% | 80% | 90%
Cross Entro Best | 86.8 | 794 | 629 | 427 || 62.0 | 46,7 | 199 | 10.1
5 24 Last | 827 | 579 | 26.1 | 168 || 618 | 373 | 88 | 35
Bootstrap Best | 86.8 | 79.8 | 633 | 429 || 62.1 | 46.6 | 199 | 10.2
(Reed et al., 2015)  Last | 82.9 | 584 | 268 | 17.0 || 620 | 379 | 89 | 38
F-correction Best | 86.8 | 79.8 | 633 | 429 || 615 | 466 | 199 | 10.2
(Patrini et al., 2017) Last | 83.1 | 594 | 262 | 188 || 614 | 373 | 90 | 34
Co-teaching+* Best | 895 | 857 | 674 | 479 || 656 | 51.8 | 279 | 13.7
(Yu et al.. 2019) Last | 88.2 | 84.1 | 455 | 301 || 641 | 453 | 155 | 88
Mixup Best | 956 | 87.1 | 71.6 | 52.2 || 67.8 | 573 | 308 | 14.6
(Zhang etal,2018) Last | 923 | 776 | 467 | 439 || 660 | 466 | 17.6 | 8.1
P-correction® Best | 924 | 89.1 | 77.5 | 589 || 69.4 | 575 | 31.1 | 15.3
(Yi & Wu, 2019) Last | 920 | 887 | 765 | 582 || 68.1 | 564 | 207 | 88
Meta-Learning” Best | 929 | 893 | 774 | 58.7 || 68.5 | 592 | 42.4 | 19.5
(Li et al., 2019) Last | 920 | 888 | 76.1 | 583 || 67.7 | 580 | 40.1 | 14.3
M-correction Best | 940 | 92.0 | 868 | 69.1 || 73.9 | 66.1 | 482 | 24.3
(Arazoetal. 2019) Last | 93.8 | 919 | 86.6 | 687 || 73.4 | 654 | 476 | 205
DivideMix Best | 96.1 | 94.6 | 932 | 76.0 || 77.3 | 74.6 | 60.2 | 315
Last | 957 | 94.4 | 929 | 754 || 769 | 742 | 59.6 | 31.0

Copyright © 2025, All rights reserved.
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Experiments

J/

<+  Main results

«  Asymmetric noise M 20| 7HE R0t H5 &=

Table 2: Comparison with state-of-the-art methods in test accuracy (%) on CIFAR-10 with 40%
asymmetric noise. We re-implement all methods under the same setting.

Method | Best | Last
Cross-Entropy 85.0 | 723
F-correction (Patrini et al., 2017) | 87.2 | 83.1
M-correction (Arazo et al., 2019) | 87.4 | 86.3
Iterative-CV (Chen et al., 2019) 88.6 | 88.0
P-correction (Yi & Wu, 2019) 88.5 | 88.1
Joint-Optim (Tanaka et al., 2018) | 88.9 | 88.4
Meta-Learning (Li et al., 2019) 89.2 | 88.6
DivideMix | 93.4 | 92.1

Copyright © 2025, All rights reserved.
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Experiments

<+  Main results

« 2K noise HIA[OIAO|M 7HE ot 5 =5

—

Method | Test Accuracy
Cross-Entropy 69.21
F-correction (Patrini et al., 2017) 69.84
M-correction ( Arazo et al., 2019) 71.00
Joint-Optim (Tanaka et al., 2018) 72.16
Meta-Cleaner (Zhang et al., 2019) 72.50
Meta-Learning (Li et al., 2019) 73.47
P-correction (Y1 & Wu, 2019) 73.49
DivideMix | T74.76

Table 3: Comparison with state-of-the-art methods in test accuracy (%) on Clothing IM. Results for
baselines are copied from original papers.

ici 2

Method | WebVision | ILSVRCI2
| topl | top5 | topl | tops
F-correction (Patrini et al., 2017) 61.12 | 82.68 57.36 | 82.36
Decoupling (Malach & Shalev-Shwartz, 2017) | 62.54 84.74 58.26 | 82.26
D2L (Ma et al., 2018) 62.68 | B4.00 | 57.80 | 81.36
MentorNet (Jiang et al., 2018) 63.00 81.40 | 57.80 | 79.92
Co-teaching (Han et al., 2018) 6358 | 8520 | 61.48 | 84.70
Iterative-CV (Chen et al., 2019) | 65.24 | 85.34 | 61.60 | 84.98
DivideMix | 77.32 | 91.64 | 75.20 | 90.84

Table 4: Comparison with state-of-the-art methods trained on (mini) WebVision dataset. Numbers
denote top-1 (top-5) accuracy (%) on the WebVision validation set and the ImageNet ILSVRCI12
validation set. Results for baseline methods are copied from Chen et al. (2019).

Copyright @ 2025, All rights reserved. - 26 - ..:.. DMQA
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Experiments

% Ablation study

Dataset CIFAR-10 I CIFAR-100

Noise type Sym. | Asym. || Sym.

Methods/Noise ratio | 20% | 50% | 80% | 90% | 40% || 20% | 50% | 80% | 90%

DivideM Best | 96.1 | 94.6 | 93.2 | 76.0 | 93.4 || 77.3 | 74.6 | 60.2 | 31.5
IVIGEEAIK Last | 95.7 | 94.4 | 929 | 75.4 | 921 | 769 | 74.2 | 59.6 | 31.0
. Best | 952 | 94.2 | 930 | 755 | 927 || 752 | 72.8 | 58.3 | 299

1)

DivideMix with 6'") test Last | 950 | 937 | 924 | 742 | 914 || 748 | 721 | 576 | 2922

DivideMix w/o cotraini Best | 95.0 | 94.0 | 926 | 743 | 919 || 748 | 723 | 56.7 | 27.7
IVIGELTIX W/D co-Traming Last | 948 [ 933 | 922 | 732 | 906 | 74.1 | 71.7 | 56.3 | 272
L Best | 96.0 | 94.6 | 93.0 | 73.7 | 87.7 || 76.9 | 742 | 58.7 | 26.9

DivideMix w/o label refinement o | 955 [ 042 | 927 | 730 | 863 | 76.4 | 730 | 582 | 263

DivideMix w/ . Best | 953 | 94.1 | 922 | 73.9 | 89.5 || 76.5 | 73.1 | 58.2 | 269
vMehiix Wi sugmentation Last | 949 | 935 | 018 | 73.0 | 88.4 | 76.2 | 726 | 58.0 | 26.4
. . Best | 94.1 | 92.8 | 89.7 | 70.1 | 86.5 || 73.7 | 70.5 | 55.3 | 25.0

Divide and MixMatch Last | 935 | 923 | 891 | 686 | 852 | 724 | 607 | 530 | 237

Table 5: Ablation study results in terms of test accuracy (%) on CIFAR-10 and CIFAR-100.

Copyright © 2025, All rights reserved.
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Paper

< Bayesian DivideMix++ for Enhanced Learning with Noisy Labels (2024, Neural Networks)

.  E3IMS 7|89 2 DivideMix 2 2F

- - . . - - - Check for
Bayesian DivideMix++ for Enhanced Learning with Noisy Labels
Bhalaji Nagarajan®, Ricardo Marques *<, Eduardo Aguilar *™¢, Petia Radeva **
# Dept: de Matemdtiques i Informdtica, Universitat de Barcelona, Gran Via de les Corts Catalanes 585, 08007, Barcelona, Spain
" Dept. de Ingenierin de Sistemas y Computacidn, Universidad Catdlica del Norte, Avenida Angamos 0610, 1270709, Antofagasta, Chile
 Computer Vision Center, Cerdanyola (Barcelona), Spain
ARTICLE INFO ABSTRACT
Keywords: Leveraging inexpensive and human intervention-based annotating methodologies, such as erowdsourcing and
Learning with noisy labels web crawling, often leads to datasets with noisy labels. Noisy labels can have a detrimental impact on
Neural network memorization the performance and generalization of deep neural networks. Robust models that are able to handle and

Data augmentation
Self-supervised pre-training
Label uncertainty
Monte-Carlo dropouts

mitigate the effect of these noisy labels are thus essential. In this work, we explore the open challenges
of neural network memorization and uncertainty in creating robust learning algorithms with noisy labels. To
overcome them, we propose a novel framework called “Bayesian DivideMix++" with two critical components:
(i) DivideMix++, to enhance the robustness against memorization and (ii) Monte-Carlo MixMatch, which
focuses on improving the effectiveness towards label uncertainty. DivideMix++ improves the pipeline by
integrating the warm-up and augmentation pipeline with self-supervised pre-training and dedicated different
data augmentations for loss analysis and backpropagation. Monte-Carlo MixMatch leverages uncertainty
measurements to mitigate the influence of uncertain samples by reducing their weight in the data augmentation
MixMatch step. We validate our proposed pipeline using four datasets encompassing various synthetic and real-
world noise settings. We demonstrate the effectiveness and merits of our proposed pipeline using extensive
experiments. Bayesian DivideMix++ outperforms the state-of-the-art models by considerable differences in
all experiments. Qur findings underscore the potential of leveraging these modifications to enhance the
performance and generalization of deep neural networks in practical scenarios.

Nagarajan, B., Marques, R., Aguilar, E., & Radeva, P. (2024). Bayesian DivideMix++ for enhanced learning with noisy labels. Neural Networks, 172, 106122.
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Method
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Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020, November). A simple framework for contrastive learning of visual representations. In International conference on machine learning (pp. 1597-1607).
PmLR.
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Cubuk, E. D., Zoph, B., Mane, D., Vasudevan, V., & Le, Q. V. (1805). Autoaugment: Learning augmentation policies from data. arXiv 2018. arXiv preprint arXiv:1805.09501, 2.
Cubuk, E. D., Zoph, B., Shlens, J., & Le, Q. V. (2020). Randaugment: Practical automated data augmentation with a reduced search space. In Proceedings of the IEEE/CVF conference on computer vision and

pattern recognition workshops (pp. 702-703).
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Bayesian DivideMix+ +

Experiments

<+  Main results

Table 3

CIFAR-10 — Performance comparison (test accuracy (%, mean + std over five runs)) with SoTA methods on different symmetric noise settings.

Symmetric noise M| 20[A CHE= 71

Xt OAS

T T L O

[ A

olr

L

Method / Noise ratio 20% 50% 80% 90%
DivideMix (ICLR, 2020) Best 96.1 94.6 93.2 76.0

Li et al. (2020) Last 95.7 94.4 02.9 75.4
DM + AugDesc (CVPR, 2021) Best 96.3 95.4 93.8 91.9
Nishi et al. (2021) Last 96.2 95.1 93.6 91.8
DM + C2D (WACV, 2022) Best 96.43+0.07 05.32+0.12 04.40+0.04 03.57+0.09
Zheltonozhskii et al. (2022) Last 96.23+0.09 95.15+0.16 04.30+0.12 03.42+0.09
Sel-CL+ (CVPR, 2022) Best 95.5 93.9 89.2 81.9

Li et al. (2022) Last - - - -
UNICON (CVPR, 2022) Best 96.0 95.6 93.9 90.8
Karim et al. (2022) Last - - - -

ULC (AAAI, 2022) Best 96.1 95.2 94.0 86.4
Huang, Bai, et al. (2022) Last 95.9 94.7 93.2 85.8
LongReMix (PR, 2023) Best 96.3+£0.1 95.1+0.1 03.8+0.2 79.9+2.7
Cordeiro, Sachdeva, Belagiannis, Reid, and Carneiro (2023) Last 96.0+0.1 94.8+0.1 93.8+0.2 79.1+3.1
Lipschitz Reg. (PR, 2023) Best 96.2 95.2 93.4 85.0
Miao, Wu, Xu, Zuo, and Meng (2023) Last 95.7 94.8 93.1 84.3

Bayesian DivideMix++

96.39+0.06
96.13+0.07

95.68+0.09
95.40+0.11

95.25+0.08
94.97+0.02

94.46+0.15
04.20+0.12
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«  Symmetric noise Al 20[A CHEE 7+ ==t &

Table 4

CIFAR-100 — Performance comparison

different symmeitric noise Eettings.

(test accuracy (%, mean =+ std over five runs)) with SoTA methods on

olr

L

Method / Noise ratio 20% 50% 80% 90%
DivideMix (ICLR, 2020) Best 77.3 74.6 60.2 31.5
Li et al. (2020) Last 76.9 74.2 59.6 31.0
DM + AugDesc (CVPR, 2021) Best 79.5 77.2 66.4 41.2
MNishi et al. (2021) Last 79.2 77.0 66.1 40.9
DM + C2D (WACV, 2022) Best 78.69+0.17 76.43+0.25 67.78+0.30 58.7+0.31
Zheltonozhskii et al. (2022) Last 78.32+0.35 76.07+0.41 67.43+0.30 58.45+0.30
Sel-CL+ (CVPR, 2022) Best 76.5 72.4 59.6 48.8
Li et al. (2022) Last — — — -
UNICON [CVPR, 2022) Best 78.9 77.6 63.9 44.8
Karim et al. (2022) Last — — — -
ULC (Mﬂl, 2022) Best 77.3 74.9 61.2 34.5
Huang, Bai, et al. (2022) Last 77.1 74.3 60.58 34.1
LongReMix (PR, 2023) Best 77.9+0.2 75.5+0.2 62.3+0.5 34.7+0.3
Cordeiro et al. (2023) Last 77.5+0.2 74.9+0.2 61.7+0.5 30.7+5.9
Lipschitz Reg. (PR, 2023) Best 78.8 75.3 62.6 37.5
Miao et al. (2023) Last 77.4 74.3 61.0 34.7

, . , Best 80.02+0.03 78.31+0.14 70.01+0.23 61.15+0.34
Bayesian DivideMix++ Last  79.56+0.13  77.71+0.13  69.55:+0.22  60.70+0.42
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«  Asymmetric noise M E0M 7} 255t ds EE

Table 5
CIFAR-100 — Asymmetric 40% Noise Performance com-
parison (test accuracy (%, mean + std over five runs)) with
SoTA methods.
Method Test accuracy
DM + C2D (WACV, 2022) Best 75.48+0.16
Zheltonozhskii et al. (2022) Last 75.06+0.16

Sel-CL+ (CVPR, 2022) Best 74.20
Li et al. (2022) Last -
UNICON (CVPR, 2022) Best 74.80
Karim et al. (2022) Last -
LongReMix (PR, 2023) Best 50.80+0.1
Cordeiro et al. (2023) Last 54.90+0.4

Best 76.52+0.12

Bayesian DivideMix++ Last 76.06+0.13
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Table 6
WebVision — Performance comparison (test accuracy (%, mean + std over five runs)) with SoTA
methods. Results are reported for both WebVision and ILSVRC12 (ImageNet) validation sets. (T -
results reported in DM + C2D (Zheltonozhskii et al, 2022). DivideMix results are reported only on
InceptionResNet-V2).
Validation Set / WebVision ILSVRC12
Method Top-1 Top-5 Top-1 Top-5
DivideMix (ICLR, 2020) ¥
Li et al. (2020)
DM + C2D (WACV, 2022)
Zheltonozhskii et al. (2022)
UNICON (CVPR, 2022)
Karim et al. (2022)

76.32+0.36 90.65+0.16 74.42+0.29 01.21+0.12

79.42+0.34 92.32+0.33 78.57+0.37 03.04+0.10

77.60 93.44 75.29 93.72

Bayesian DivideMix++ 80.12+0.28 92.40+0.30 78.51+0.28 92.67+0.42
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Table 7
ClothinglM — Performance comparison (test accu-
racy (%, mean + std over five runs)) with SoTA
methods.

Method Test accuracy

DivideMix (ICLR, 2020)

74.38°
Li et al. (2020)
DM + AugDesc (CVPR, 2021) 74 57
Nishi et al. (2021)
DM + C2ZD {WAC“ 2022) 73 96
Zheltonozhskii et al. (2022)
ULC (AAAIL 2022)
Huang, Bai, et al. (2022) oo
LongReMix (PR, 2023)
Cordeiro et al. (2023) 74.38
Lipschitz Reg. (PR, 2023)
Miao et al. (2023) 74.87
DivideMix++ (Deterministic) 74.09
DivideMix++ (with Dropouts) 74.13
Bayesian DivideMix++ 74.81+0.09
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< Dropout position =1
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after all resnet blocks and before FC  —— after resnet block 4 and before FC

Fig. 8. Dropout position. Different configurations to select a better dropout position.
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Table 11

Position of MC-Dropout. Difference in test accuracy (%)
on CIFAR-100 (20% and 90% symmetric noise) with
different combination of dropout layers. The dropout ratio
was set to 0.1 in all cases.

Position of MC-Dropout 20% 90%

Best 79.05 60.15
Last 78.77 59.86

After all blocks

Best 79.51 60.85

Only after block 4 Last 79.13 60.61

Best 79.48 61.09

Only before FC Last 78.89 60.62

After all blocks Best 79.00 61.18
& before FC Last 78.44 60.99
After block 4 Best 79.48 61.39
& before FC Last 79.16 61.13
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Abstract

Deep neural nenworks have proven 1o be highly effective
when large amounts of data with elean labels arve available.
However, their performance degrades when training dara
contains noisy labels, leading 1o poor generalization on the
rest set. Real-werld datasers contain noisy label samples
that either have similar visual semantics to other classes
(in-distribution) or have no semantic relevance to any class
(out-of-distribution) in the dataser. Mest siate-of-the-art
methods leverage 1D labeled noisy samples as unlabeled
data for semi-supervised learning, bur QOD labeled noisy
samples cannot be used in this way because they do not
belong to any class within the dataser. Hence, in this pa-
per, we propose incorporating the information from all the
rraining dara by leveraging the benefits of self-supervised
training. Our method aims 1o extract a meaningful and gen-
eralizable embedding space for each sample regardless of
its label. Then, we employ a simple ver effective K-nearest
neighbor method 1o remove portions of our-of-distriburion
samples. By discarding these samples, we propose an itera-
rive “Manifold DivideMix” algorithm to find clean and noisy
samples, and train our model in a semi-supervised way. In
addition, we propose “MixEMaich”, a new algorithm for
the semi-supervised step that invelves mixup augmentation
ar the inpur and final hidden represeniations of the model.
This will extract better representations by interpolating both
int the input and manifold spaces. Extensive experiments
on multiple synthetic-noise image benchmarks and real-
world web-crawled datasers demonsirate the effectiveness
af our proposed framewark. Code is available at

amount of clean, annotated data [13]. However, their primary
weakness is also the vast number of clean labeled examples
needed for training. Collecting and manually annotating
such data could be complex. time-consuming, and costly,
particularly in certain fields. Meanwhile, open-source online
data that can be automatically annotated using search engine
queries and user tags is the backbone of most large-scale
data collection methods [22 . However. this annotation
approach will certainly result in label noise. Therefore, it is
challenging to train DNNs using such data, as they can effec-
tively memorize noisy random labels during training [4, 23],

Several methods have been developed to deal with la-
bel noise in automatically annotated datasets, such as semi-
supervised learning [ 5, 31], self-supervised learning [6], and
robust training [19]. These methods can be classified into
[wo primary categori The first category assumes that
the true labels of noisy samples are included in the label
set {i.e. in-distribution labeled noisy samples (1D samples).
The community has invested a lot of effort in designing
robust methods to train DNNs in the presence of 1D label
noise [11, 19]. The second category arises from the obser-
vation that techniques that are robust to ID noise tend to
perform poorly when applied in more realistic settings (with
real-world label noise). In fact. the authors of [2] suggest
that most of the label noise in web-crawled datasets is out-
of-distribution (00D} label noise, which means that the true
labels for noisy samples cannot be inferred from the distri-
bution (we call them OOD samples). To evaluate this, they
randomly collected three small but representative sample
sets from the WebVision 1.0 dataset [21] to determine the
typical level of noise present in web-crawled, automatically
annotated datasets. They reported that approximately 70%

Fooladgar, F., To, M. N. N., Mousavi, P., & Abolmaesumi, P. (2024). Manifold DivideMix: A semi-supervised contrastive learning framework for severe label noise. In Proceedings of the IEEE/CVF Conference

on Computer Vision and Pattern Recognition (pp. 4012-4021).
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% Main results
« ID HIO|E{All: CIFAR100 / OOD H|O|E{All: ImageNet32, Places365

«  E=noise MEOIM 7HY R0t 5 £

Corruption ImageNet32 Places365
Noise Ratio (rput,7in)  20%, 20%  40%, 20% 60%, 20% 40%, 40% | 20%,20% 40%, 20% 60%, 20% 40%, 40%
CE 55.5 44.3 26.0 18.5 53.6 42.5 214 13.9
Mixup [41] 62.5 53.2 40.4 339 59.7 48.6 33.7 27.6
JoSRC [38] 64.2 614 37.1 41.4 66.7 60.6 39.6 326
ELR [23] 68.5 63.0 44.6 342 68.5 62.3 36.5 33.9
EDM [27] 70.4 61.8 14.6 1.6 70.3 61.6 14.7 11.9
DSOS [2] 70.5 62.1 49.1 42.9 69.1 59.5 354 295
RRL [20] 72.3 65.4 245 30.6 72.5 65.8 493 243
SNCP [ 1] 72.7 67.1 51.3 52.7 71.1 63.5 49.8 47.6
Ours 75.3 69.1 59.8 63.0 74.5 69.3 59.0 62.5

Table 1. Comparison of classification accuracy with the state-of-the-art methods on CIFAR100 corrupted with ImageNet32 or Places365
images with ID and OOD noise of ratio of 7, and re.e, respectively. Results of other previous methods are from [1].
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% Real-world noisy dataset results

1. ID G[OJE{Al: minilmageNet / OOD G| O|E{All: CNWL
»  minilmageNet: Real-world noisy dataset

2. ClothingTM / WebVision: Real-world noisy dataset

Noise Ratio Method ClothingIM  (mini)WebVision
Method 20% 40% 60% 80% Topl Topl Top5
CE 474 427 373 2938 GCE [43] 71.7 61.2 80.8
Mixup [41] 49.1 464 406 336 SL [34] 72.1 63.8 84.3

DivideMix [19] 51.0 46.7 43.1 34.5

23
ScanMix [28]  59.1 54.5 524 40.0 Eﬁf':‘:aia'ilg (1] %g gi'? Sg'g
PropMix [8] 612 562 528 434 , : : :
SNCP [1] 61.6 599 549 456 JoCor [38] 71.7 608 8235
PLS [3] 63.1 600 544 465 DivideMix [19] 74.6 77.2 91.6
| Ours 644 614 56.2 47.8| GSS-SSL [40] 74.9 774 93.1
Ours 73.1 78.4 92.0

Table 2. Comparison of classification accuracy with the state-of-the-

art methods on Web-corrupted minilmageNet from the CN'WL [15] . . A .
(32 x 32). 3 £ Table 3. Comparison of classification accuracy with the state-of-

the-art methods on Clothing 1M and (mini)Webvision.
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<+ Random noise results

«  CIFAR10 datasetOfl symmetric / asymmetric noise T& & A

Symmetric Noise Asymmetric Noise
Method 20% 50% 80% 90% 10% 30% 40%
CE 86.8 794 629 427 888 817 76.

MixUp 956 871 716 522 933 833 717
DivideMix 950 937 924 742 0938 925 0914

ELR 058 948 933 787 955 948 930
UNICON 960 956 939 881 953 0948 0941
Propmix 96.1 955 937 932 - 94.6
GSS-SSL 943 - 916 - 924 91.8

| Ours 96.0 957 946 937 956 95.0 938 |

Table 4. Comparison of classification accuracy on CIFAR10 with
ID symmetric and asymmetric noise.
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< Ablation study
- ID G|O[E{4ll: CIFAR100 / OOD H|O|E{4ll: ImageNet32

FixMatch MixEMatch Best Last

No noise corr CE X X 414 185
SSL+LC X X 475 199
ID v X 586 583
ID + OOD v X 58.0 58.0
Noise Robust D X y 6 cid
ID + O0OD X 7 63.1 63.0

Table 5. Ablation study on CIFAR-100 corrupted with ImageNet32
with Fout — 40% and Tin — 40%
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» ID / OOD noise detection
- ID G|O[E{4ll: CIFAR100 / OOD H|O|E{4ll: ImageNet32
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Figure 1. AUC of clean/ID labeled noise detection using GMM

on training data of CIFAR-100 corrupted with ImageNet32. First Figure 2. Accuracy of OOD labeled noise detection during warmup
epoch means the first epoch of our Semi-Supervised learning step ( and semi-supervised learning steps for different level of in- and
first epoch after warmup training) and last epoch means the final out-of-distribution labeled noise.

last epoch of semi-supervised learning.

[ ID noise detection ] [ OOD noise detection ]
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