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Introduction
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Introduction
Noisy Label

Supervised Learning

• 일반적인 supervised Learning에서는 학습 데이터의 label이 모두 정확함을 가정

• 정확한 label을 통해 입력 데이터와 label의 관계를 모델이 학습
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Introduction
Noisy Label

Noisy Labels

• 현실에는 label이 정제되지 않은 방대한 양의 데이터가 존재

• Noisy label로 인해 모델의 일반화 성능이 저하됨
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Introduction
Noisy Label

Noisy Labels

• 현실에는 label이 정제되지 않은 방대한 양의 데이터가 존재

• Noisy label로 인해 모델의 일반화 성능이 저하됨
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학습 데이터 with noisy label

Model

Noisy labels 가 존재하는 상황에서 

모델을 강건하게 학습시키는 

방법이 필요
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Introduction
Noisy Label

Approaches for Label Noise Learning

Label Noise Learning

Loss Correction
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Introduction
Noisy Label

Approaches for Label Noise Learning

Loss Correction
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Introduction
Noisy Label

Label Noise Learning with Semi-Supervised Learning Approach

모델의 loss를 기준으로 특정 주기마다 clean / noisy 데이터 구분

Clean 데이터 → labeled 데이터 / Noisy 데이터 → unlabeled 데이터 취급
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Introduction
Related Seminar

Label Noise Learning



- 12 -Copyright ⓒ 2025,  All rights reserved.

Introduction
MixUp

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

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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Introduction
MixUp

MixUp in Semi-Supervised Learning

𝝀′ × (𝟏 − 𝝀′) ×

𝑥1 𝑥2

𝜆~𝐵𝑒𝑡𝑎 𝛼, 𝛼
𝜆′ = max 𝜆, 1 − 𝜆

𝑥′ = 𝜆′𝑥1 + 1 − 𝜆′ 𝑥2
𝑝′ = 𝜆′𝑝1 + 1 − 𝜆′ 𝑝2
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Label Noise Learning beyond DivideMix
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DivideMix
Paper

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

준지도학습 방법론 중 MixMatch를 도입

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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DivideMix
Method

Overall Process
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DivideMix
Method

Loss Modeling

두 개의 네트워크를 동시에 학습하여 매 epoch마다 loss 산출

Dataset

Model
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Loss
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DivideMix
Method

Co-Divide 

두 개의 GMM 네트워크를사용하여 loss fitting

각 네트워크 별로 clean probability 산출 → clean/noisy 데이터 구분하여 각각 labeled/unlabeled 데이터로 사용
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CleanNoisy

CleanNoisy



- 19 -Copyright ⓒ 2025,  All rights reserved.

DivideMix
Method

Co-Divide 

두 개의 GMM 네트워크를사용하여 loss fitting

각 네트워크 별로 clean probability 산출 → clean/noisy 데이터 구분하여 각각 labeled/unlabeled 데이터로 사용
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 학습 과적합을 방지

목적



- 20 -Copyright ⓒ 2025,  All rights reserved.

DivideMix
Method

Label Co-Refinement & Label Co-Guessing

Clean
labeled

Noisy
unlabeled
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𝑚
𝑝𝑚𝑜𝑑𝑒𝑙( ො𝑥𝑏,𝑚; 𝜃

(𝑘))
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DivideMix
Method

Label Co-Refinement & Label Co-Guessing

Clean
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DivideMix
Method

Label Co-Refinement & Label Co-Guessing

Clean
labeled

Noisy
unlabeled

ො𝑥𝑏,1

ො𝑥𝑏,𝑀

ො𝑢𝑏,1

ො𝑢𝑏,𝑀

𝑀 Augmentations

…

Model

𝑝𝑏 =
1

𝑀
෍

𝑚
𝑝𝑚𝑜𝑑𝑒𝑙( ො𝑥𝑏,𝑚; 𝜃

(𝑘))

ത𝑦𝑏 = 𝑤𝑏𝑦𝑏 + 1 − 𝑤𝑏 𝑝𝑏

Model

… 𝑞𝑏 =
1

2𝑀
෍

𝑚
(𝑝𝑚𝑜𝑑𝑒𝑙( ො𝑢𝑏,𝑚; 𝜃

(1)) + 𝑝𝑚𝑜𝑑𝑒𝑙(ො𝑢𝑏,𝑚; 𝜃
2 ))



- 23 -Copyright ⓒ 2025,  All rights reserved.

DivideMix
Method

MixMatch

𝑳 = 𝑳𝒙+𝝀𝒖𝑳𝒖+𝝀𝒓𝑳𝒓𝒆𝒈

Model

Model

ො𝑥𝑏′ = 𝜆′ ො𝑥1′ + 1 − 𝜆′ ො𝑥2′
ො𝑦𝑏′ = 𝜆′ ො𝑦1′ + 1 − 𝜆′ ො𝑦2′
ො𝑢𝑏′ = 𝜆′ ො𝑢1′ + 1 − 𝜆′ ො𝑢2′
ො𝑞𝑏′ = 𝜆′ ො𝑞1′ + 1 − 𝜆′ ො𝑞2′

ො𝑥𝑏′

ො𝑢𝑏′

ො𝑦𝑏′

ො𝑞𝑏′

𝑳𝒙

𝑳𝒖
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DivideMix
Experiments

Main results

Symmetric noise 세팅들에서 가장 우수한 성능 도출
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DivideMix
Experiments

Main results

Asymmetric noise 세팅에서 가장 우수한 성능 도출
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DivideMix
Experiments

Main results

실제 noise 벤치마크에서 가장 우수한 성능 도출
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DivideMix
Experiments

Ablation study
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Bayesian DivideMix++
Paper

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

불확실성을 기반으로 DivideMix 보완

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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Bayesian DivideMix++
Method

DivideMix의 문제점 개선

Model confidence를예측 확률 분포가 아닌 불확실성을 사용하자

Supervised pre-training은noisy label 상황에서 악영향을 미치기 때문에 unsupervised pre-training을 통해

사전에 noisy와 clean을 잘 구분할 수 있는 능력을 기르자

Strong augmentations 기법들을 추가하여 noisy label 상황에서 모델을 보다 강건하게 학습하자

[ DivideMix ] 



- 30 -Copyright ⓒ 2025,  All rights reserved.

Bayesian DivideMix++
Method

Overall Process



- 31 -Copyright ⓒ 2025,  All rights reserved.

Bayesian DivideMix++
Method

Self-supervised pre-training

Noisy label의 악영향을 최소화 하고자 함

모델 파라미터를 random initialize하는 것이 아닌 사전 학습된 SimCLR 파라미터로 사용

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.

𝑥𝑖

𝑥′𝑖
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𝒇𝟏
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𝒇𝟏

Repel

Other Samples
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Bayesian DivideMix++
Method

Incorporating strong augmentation

High noise 세팅에서 강건하도록 strong augmentation 기법 추가

AutoAugment / RandAugment

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).

[ AutoAugment ] [ RandAugment ]
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Bayesian DivideMix++
Method

Monte-Carlo MixMatch (MC-MixMatch)

Mixup 단계에서 불확실성이 높은 샘플에 집중하여 모델이 noise에 더 강건해지도록 함

𝐻(𝑥1): Mixup 적용 시 첫 번째 샘플의 불확실성

𝝀𝒖𝒏𝒄 × (𝟏 − 𝝀𝒖𝒏𝒄) ×

𝑥1 𝑥2

𝜆~𝐵𝑒𝑡𝑎 𝛼, 𝛼
𝜆′ = max 𝜆, 1 − 𝜆

𝜆𝑢𝑛𝑐 = 0.5 × (𝐻 𝑥1 × 𝜆′ + 1)
𝑥′ = 𝜆𝑢𝑛𝑐𝑥1 + 1 − 𝜆𝑢𝑛𝑐 𝑥2
𝑦′ = 𝜆𝑢𝑛𝑐𝑦1 + 1 − 𝜆𝑢𝑛𝑐 𝑦2
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Bayesian DivideMix++
Method

Monte-Carlo MixMatch (MC-MixMatch)

Mixup 단계에서 불확실성이 높은 샘플에 집중하여 모델이 noise에 더 강건해지도록 함

𝐻(𝑥1): Mixup 적용 시 첫 번째 샘플의 불확실성

𝝀𝒖𝒏𝒄 × (𝟏 − 𝝀𝒖𝒏𝒄) ×

𝑥1 𝑥2

𝜆~𝐵𝑒𝑡𝑎 𝛼, 𝛼
𝜆′ = max 𝜆, 1 − 𝜆

𝜆𝑢𝑛𝑐 = 0.5 × (𝐻 𝑥1 × 𝜆′ + 1)
𝑥′ = 𝜆𝑢𝑛𝑐𝑥1 + 1 − 𝜆𝑢𝑛𝑐 𝑥2
𝑦′ = 𝜆𝑢𝑛𝑐𝑦1 + 1 − 𝜆𝑢𝑛𝑐 𝑦2

확률 분포

𝑯 𝒙𝒊 = −෍
𝒄=𝟏

𝑪

𝒑𝒄 𝒙𝒊 𝐥𝐨𝐠(𝒑𝒄 𝒙𝒊 )
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Bayesian DivideMix++
Experiments

Main results

Symmetric noise 세팅에서 대부분 가장 우수한 성능 도출
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Bayesian DivideMix++
Experiments

Main results

Symmetric noise 세팅에서 대부분 가장 우수한 성능 도출
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Bayesian DivideMix++
Experiments

Main results

Asymmetric noise 세팅에서 가장 우수한 성능 도출
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Bayesian DivideMix++
Experiments

Main results

Top-1 accuracy 기준 제일 좋거나 동등한 성능을 보임



- 39 -Copyright ⓒ 2025,  All rights reserved.

Bayesian DivideMix++
Experiments

불확실성 시각화

학습이 진행될수록 noisy 데이터가 비교적 큰 불확실성 분포를 가짐
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Bayesian DivideMix++
Experiments

학습 loss 시각화

학습이 진행될수록 noisy와 clean 데이터 사이의 loss 분포 차이가 심해짐

효과적으로 clean labeled / noisy unlabeled로 구분하여 학습 가능

DivideMix

Bayesian
DivideMix++
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Bayesian DivideMix++
Experiments

Dropout position 분석
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Manifold DivideMix
Paper

Manifold DivideMix: A Semi-Supervised Contrastive Learning Framework for Severe Label 

Noise (2024, CVPR Workshop)

Out-Of-Distribution noise까지 추가된 문제 상황

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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Manifold DivideMix
Background

Semi-Supervised Learning for Label Noise Learning with Out-Of-Distribution Noise

Web을 통해 이미지 데이터셋을 수집하다 보면, 분포가 아예 다른 종류의 데이터가 같이 수집될 수 있음

학습 데이터에 Out-Of-Distribution(OOD) noise와 In-Distribution(ID) noise가 혼재함을 가정

Web Dataset

dog

cat

rabbit

clean

ID Noise

OOD Noise

In-Distribution

Out-Of-Distribution
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Manifold DivideMix
Method

Overall Process

Contrastive learning 기반 사전학습을 통해 OOD와 ID 샘플을 잘 구분

MixMatch 적용 시, 임베딩 벡터 또한 같이 mixup 하는 MixEMatch 제안
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Manifold DivideMix
Method

❖ Pre-training with contrastive learning

Unsupervised contrastive learning을 통해 올바른 표현 학습 수행

표현 공간에서 OOD와 ID가 잘 분리될 수 있도록 하는 것이 목적
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Manifold DivideMix
Method

❖ OOD noise filtering

사전학습 된 백본 네트워크를 통해 표현 공간에서 OOD와 ID 구분

KNN을 활용하여 OOD score가 높은 상위 r %를 OOD로 간주
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Manifold DivideMix
Method

❖ Semi-Supervised Learning with MixEMatch

선정된 ID 데이터를 loss 기준으로 clean / noise 구분

인풋, 아웃풋, 임베딩 벡터 값에 대해 MixMatch 적용
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Manifold DivideMix
Method

❖ Semi-Supervised Learning with MixEMatch

Weak augmented 데이터를 통해 label refinement / pseudo-labeling 
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❖ Semi-Supervised Learning with MixEMatch

Weak augmented 데이터를 통해 label refinement / pseudo-labeling 
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❖ Semi-Supervised Learning with MixEMatch

Weak augmented 데이터를 통해 label refinement / pseudo-labeling 
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❖ Semi-Supervised Learning with MixEMatch

인풋, 아웃풋, 임베딩 벡터 값에 대해 MixMatch 적용
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❖ Semi-Supervised Learning with MixEMatch

인풋, 아웃풋, 임베딩 벡터 값에 대해 MixMatch 적용
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❖ Semi-Supervised Learning with MixEMatch
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Manifold DivideMix
Experiments

❖ Main results

ID 데이터셋: CIFAR100 / OOD 데이터셋: ImageNet32, Places365

모든 noise 세팅에서 가장 우수한 성능 도출
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Manifold DivideMix
Experiments

❖ Real-world noisy dataset results

ID 데이터셋: miniImageNet / OOD 데이터셋: CNWL

miniImageNet: Real-world noisy dataset

Clothing1M / WebVision: Real-world noisy dataset
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Manifold DivideMix
Experiments

❖ Random noise results

CIFAR10 dataset에 symmetric / asymmetric noise 주입 후 실험
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Manifold DivideMix
Experiments

❖ Ablation study

ID 데이터셋: CIFAR100 / OOD 데이터셋: ImageNet32
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Manifold DivideMix
Experiments

❖ ID / OOD noise detection

ID 데이터셋: CIFAR100 / OOD 데이터셋: ImageNet32

[ ID noise detection ] [ OOD noise detection ] 
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Conclusion

DivideMix

• Label noise learning에 MixMatch를 최초로 적용하였으며 후속 연구들의 뿌리가 된 연구

❖ Bayesian DivideMix++

• DivideMix에 불확실성을 적용하여 보다 강건하게 학습하도록 함

❖ Manifold DivideMix

• OOD noise까지 결합된 문제 상황

• Embedding 벡터까지 mixup하는 MixEMatch를 제안하였으며, 잠재적인 ood noise를 잘 구분할 

수 있도록 함
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