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Noisy Label Learning

* Noise Transition Matrix
*  Hendrycks, D., Mazeika, M., Wilson, D., & Gimpel, K. (2018). Using trusted data to train deep networks on

labels corrupted by severe noise. Advances in neural information processing systems, 31.

«  Goldberger, J., & Ben-Reuven, E. (2017, April). Training deep neural-networks using a noise adaptation layer. In In
ternational conference on learning representations
* Robust Loss Regularization
* ELR:Liu, S., Niles=Weed, J., Razavian, N., & Fernandez-Granda, C. (2020). Early—-learning regularization preve

nts memorization of noisy labels. Advances in neural information processing systems, 33, 20331-20342.
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Noise Transition Matrix

<+ YUXOZ Supervised LeamingMlAM= SFSEC|0|E 25 26t Label0| EHUSE 71
*  Labeling 10| 25 20 AH| O[F01% ‘HHlzl & ClIO|E1= O =o10] i O|0]X[2} 2022 2HAIE B20| sk

Input X /

Deep Neural Network Predicted Y Output Y

OO 4 4

etbelle
D | 80O m)[ |
;'8@0»
’e

Data Mining
o‘o\o Quality Analytics



Noise Transition Matrix

<+ YUXOZ Supervised LeamingMlAM= SFSEC|0|E 25 26t Label0| EHUSE 71
*  Labeling 10| 25 20 AH| O[F01% ‘HHlzl & ClIO|E1= O =o10] i O|0]X[2} 2022 2HAIE B20| sk

Input X /

Deep Neural Network Predicted Y Output Y

OO 4 4

etbelle
D | 80O m)[ |
;8@0» . .
@ |

!

2o ofg 2

‘Noisy Label”

A

.l

Noisy Labels= Deep Leaming 22| HsS Ao\ |7 1= 2 &2l -

Data Mining ‘
o‘}o Quality Analytics 5



Noise Transition Matrix
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Noise Transition Matrix
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Noise Transition Matrix

% Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
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Using Trusted Data to Train Deep Networks on
Labels Corrupted by Severe Noise

Dan Hendrycks* Mantas Mazeika* Duncan Wilson
University of California, Berkeley =~ University of Chicago = Foundational Research Institute
hendrycks@berkeley.edu mantas@ttic.edu duncanw@nevada.unr.edu

Kevin Gimpel
Toyota Technological Institute at Chicago
kgimpel@ttic.edu

Abstract

The growing importance of massive datasets used for deep learning makes robust-
ness to label noise a critical property for classifiers to have. Sources of label noise
include automatic labeling, non-expert labeling, and label corruption by data poi-
soning adversaries. Numerous previous works assume that no source of labels can
be trusted. We relax this assumption and assume that a small subset of the training
data is trusted. This enables substantial label corruption robustness performance
gains. In addition, particularly severe label noise can be combated by using a set of
trusted data with clean labels. We utilize trusted data by proposing a loss correction
technique that utilizes trusted examples in a data-efficient manner to mitigate the
effects of label noise on deep neural network classifiers. Across vision and natural
language processing tasks, we experiment with various label noises at several
strengths, and show that our method significantly outperforms existing methods.
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Noise Transition Matrix

% Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
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Figure 1: A label corruption matrix (top
left) and three matrix estimates for a
corrupted CIFAR-10 dataset. Entry C;;
is the probability that a label of class ¢
is corrupted to class j, or symbolically
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Noise Transition Matrix

% Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
*  Gold Loss Correction (GLC) Algorithm

Step1 | Noisy Label HIO|E{7} ZL&H=I DO Network 8k

Transition Matrix 716 1= T
Tol= Algorithm GoLD Loss CORRECTION (GLC)
Cean dataset D 1: Input: Trusted data D, untrusted data D, loss £
2: Train network f(z) = p(y]z;0) € RE on D
® 0o 3: Fill C € RE*K with zeros
© @ 4: fork=1,...,K do
@ o 5: num_examples =0
6: for (z;,y;) € D suchthaty; = k do
7: num_examples +=1
Network 5
Noisy dataset D 8: Ck. += f(z;) {add f(z;) to kth row}
9: end for
) e O 10:  Ck. /= num_examples
o © PYRE) 11: end for
(@) ° e 12: Initialize new model g(z) = p(y|x; 0)
o © 13: Train with £(g(z),y) on D, £(CTg(x),y) on D

[S—
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: Output: Model p(y|x; 6)
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Noise Transition Matrix

% Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
*  Gold Loss Correction (GLC) Algorithm
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Noise Transition Matrix

% Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
*  Gold Loss Correction (GLC) Algorithm
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Noise Transition Matrix
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Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
*  Gold Loss Correction (GLC) Algorithm
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Noise Transition Matrix

% Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
*  Gold Loss Correction (GLC) Algorithm

Step 3 Clean dataset D2 0123510 7| P& 5k

Algorithm GoLD Loss CORRECTION (GLC)

Cean dataset D 1: Input: Trusted data D, untrusted data D, lo~ss 4
_ gx) =p(y|x;0) 2: Train network f(z) = p(y]z;0) € RE on D
®© oo Train 3: Fill C € REXX with zeros
© @ 4: fork=1,...,K do
@ o 5: num_examples =0
6: for (z;,y;) € D suchthaty; = k do
7: num_examples +=1
Noisy dataset D Network g (x) 8: Ck. += f(z;) {add f(z;) to kth row}
9: end for
) e O 10:  Ck. /= num_examples
o © PYRE) 11: end for
(@) ° e 12: Initialize new model g(z) = p(y|z; 0)
o © 13: Train with £(g(z),y) on D, £(C " g(z),7) on D
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: Output: Model p(y|x; 6)
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Noise Transition Matrix

% Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise

*  Gold Loss Correction (GLC) Algorithm

Step 4 = datasetS 0|30l S 22 =5
Zsod s H
S=ass Algorithm GoLD Loss CORRECTION (GLC)
Cean dataset D 1: Input: Trusted data D, untrusted data D, loss £
- L(g(x),y) 2: Train network f(z) = p(ylz; 0) € RX on D
® 0o Train 3: Fill C € RE*K with zeros
© @ 4: fork=1,...,K do
@ o 5: num_examples =0
6: for (z;,y;) € D suchthaty; = k do
| | 7: num_examples +=1
Noisy dataset D N g(x) 8: Ck. += f(z;) {add f(z;) to kth row}
9: end for
) e O 10:  Ck. /= num_examples
o © PYRE) 11: end for
(@) ° e _ 12: Initialize new model g(z) = p(y|z; 0)
o © Train 13: Train with £(g(z),y) on D, £(C " g(z),7) on D
L(Cg(x),y) 14: Output: Model p(y|z; 6)

Loss function = L(g(x),y) + L(Cg(x),¥)
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Noise Transition Matrix
Using Trusted Data to Train Deep Networks on Labels Corrupted by Severe Noise
Gold Loss Correction (GLC) Algorithm

\/
0‘0

Step 4 BPE datasetS 0|20l 215 P& &S
S ok HA|
_ Network g (x) 0.8 N 0
Noisy dataset D 0.2 7. =11
0.0 0
¢ . 0603041\ /08) [0.6X0.8+0.3%0.2+0.1x0.0
Train O .
(0,2 0.8 0. 0) (0 2) <0.2><0.8 + 0.8x0.2 + 0.0X0.0)
0.1 0.0 0.97 \0.0 0.1x0.8 + 0.0%x0.2 + 0.9x0.0
A= Class 10|12t Class 222 L abeing =l A4
A== Class 10[X[2t, Class 2= Labeli 0.54
=10.32
0.08
Noisy sample0i| Lot £242+= smoothing
olf= Noisy sample0i| Ciiet 9| update BtHE Rx= Zdt
Noisy dataset?| 24§ 7t5442 BtH60] Network?t 2HIE H3FO 2 Noisy datasets 858t 4 Fﬂ
17

Data Mining
o‘:.o Quality Analytics



Noise Transition Matrix
Training deep neural-networks using a noise adaptation layer.
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TRAINING DEEP NEURAL-NETWORKS USING A NOISE

ADAPTATION LAYER

Jacob Goldberger & Ehud Ben-Reuven
Engineering Faculty, Bar-Ilan University,
Ramat-Gan 52900, Israel
jacob.goldberger@biu.ac.il,udi.benreuven@gmail.com
ABSTRACT

The availability of large datsets has enabled neural networks to achieve impressive
recognition results. However, the presence of inaccurate class labels is known to
deteriorate the performance of even the best classifiers in a broad range of classi-
fication problems. Noisy labels also tend to be more harmful than noisy attributes.
When the observed label is noisy, we can view the correct label as a latent ran-
dom variable and model the noise processes by a communication channel with

unknown parameters. Thus we can apply the EM algorithm to find the parameters
of both the network and the noise and estimate the correct label. In this study we
present a neural-network approach that optimizes the same likelihood function as

optimized by the EM algorithm. The noise is explicitly modeled by an additional
softmax layer that connects the correct labels to the noisy ones. This scheme is
then extended to the case where the noisy labels are dependent on the features in

addition to the correct labels. Experimental results demonstrate that this approach

outperforms previous methods.
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Noise Transition Matrix
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“ Training deep neural-networks using a noise adaptation layer.
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Noise Transition Matrix

% Training deep neural-networks using a noise adaptation layer.
Soft-max layer= 0|20+ y7t SeiAEE QA= ZAIS £lH| 1o
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Figure 1: An illustration of the noisy-label neural network architecture for the training phasej(above)

and test phase (below).
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Noise Transition Matrix

% Noise Transition Matrix 22 G2 HiSk

* Leaming with Noisy Labels by Efficient Transition Matrix Estimation to Combat Label Miscorrection.
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Noise Transition Matrix
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 Li, Shikun, et al. "Estimating noise transition matrix with label correlations for noisy
multi-label learning.” Advances in Neural Information Processing Systems. 2022.

* Yao, Yu, et al. "'Dual t: Reducing estimation error for transition matrix in label-noise
learning.” Advances in Neural Information Processing Systems. 2020.

« Zhu, Zhaowei, Jialu Wang, and Yang Liu. "‘Beyond images: Label noise transition ma
trix estimation for tasks with lower—quality features." International Conference on M
achine Learning. PMLR, 2022.

« Zhang, Yivan, Gang Niu, and Masashi Sugiyama. "Learning noise transition matrix fr
om only noisy labels via total variation regularization.” International Conference on

Machine Learning. PMLR, 2021.
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Robust Loss Regularization
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Robust Loss Regularization
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Robust Loss Regularization
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Early—leaming regularization prevents memorization of noisy labels
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Early-Learning Regularization Prevents
Memorization of Noisy Labels

narges.razavian@nyulangone.org

Sheng Liu Jonathan Niles-Weed
Center for Data Science Center for Data Science, and
New York University Courant Inst. of Mathematical Sciences
shengliu@nyu.edu New York University

jnw@cims.nyu.edu

Narges Razavian Carlos Fernandez-Granda
Department of Population Health, and Center for Data Science, and
Department of Radiology

NYU School of Medicine New York University
cfgranda@cims.nyu.edu

Abstract

‘We propose a novel framework to perform classification via deep learning in the
presence of noisy annotations. When trained on noisy labels, deep neural networks
have been observed to first fit the training data with clean labels during an “early
learning” phase, before eventually memorizing the examples with false labels.
We prove that early learning and memorization are fundamental phenomena in
high-dimensional classification tasks, even in simple linear models, and give a
theoretical explanation in this setting. Motivated by these findings, we develop
a new technique for noisy classification tasks, which exploits the progress of the
early learning phase. In contrast with existing approaches, which use the model
output during early learning to detect the examples with clean labels, and either
ignore or attempt to correct the false labels, we take a different route and instead
capitalize on early learning via regularization. There are two key elements to our
approach. First, we leverage semi-supervised learning techniques to produce target
probabilities based on the model outputs. Second, we design a regularization term
that steers the model towards these targets, implicitly preventing memorization
of the false labels. The resulting framework is shown to provide robustness to
noisy annotations on several standard benchmarks and real-world datasets, where
it achieves results comparable to the state of the art.

Courant Inst. of Mathematical Sciences



Robust Loss Regularization

Early-leaming regularization prevents memorization of noisy labels
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Robust Loss Regularization

Early-leaming regularization prevents memorization of noisy labels
*  ELR(Early—leaming Regularization)2 ¢t Memorization X
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Robust Loss Regularization

Early-leaming regularization prevents memorization of noisy labels
* ELR(Eary-leaming Regularization) 2iS 2|
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Robust Loss Regularization

0 log(1 —x)

Early-leaming regularization prevents memorization of noisy labels

ELR(Early—leaming Regularization) ZiS 2|

EELR(@) = ECE(@) +

LSS
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Robust Loss Regularization i i

Early-leaming regularization prevents memorization of noisy labels
ELR(Early—leaming Regularization) ZiS 2|

A — .
= z _ (pli ¢l
Ler(©) := Lce(O) + - ;:1 log (1 (P!, t )) .
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Robust Loss Regularization

Early-leaming regularization prevents memorization of noisy labels
 Loss Function 13 fH=0|2 2 7= Co-leaming, Mix—up, weight averaging &2| 2 et 7ts

. B =20 K|t M| TS Co-leaming, Mix-up®] SHES X815/01 ELR+2 &3t

X't MlojLt -
http://dmga.korea.ac.kr/activity/seminar/377

{ Co-learning )

ELR

A .
— A _ (plil i
Lrir(O) : CCE(@)+n§i=l:log (1 (pli ¢ )).
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Robust Loss Regularization

% Early-leaming regularization prevents memorization of noisy labels
«  CHEXOI Noisy Label Benchmark DatasetOfiA] ELR+7} 7 |&= SOTA LiH| 245t M52 L= 218 UE5St

151 4|0|E : CIFAR-10N & CIFAR-100N

| | | Cross entropy | Co-teaching+ [52] | Mixup [55] | PENCIL [51] | MD-DYR-SH [2] | DivideMix [22] | ELR+ | ELR+*
- 20% 86.8 89.5 95.6 92.4 94.0 96.1 94.6 | 95.8
laybei 50% 79.4 85.7 87.1 89.1 92.0 94.6 93.8 | 94.8
CIFAR-10 noise | 80% 62.9 67.4 71.6 71.5 86.8 93.2 91.1 | 93.3
90% 42.7 479 52.2 58.9 69.1 76.0 75.2 | 78.7
| Asym. | 40% | 83.2 \ - | - | 88.5 | 874 | 93.4 | 92.7 | 93.0
Svm 20% 62.0 65.6 67.8 69.4 73.9 71.3 715 | 77.6
laybei 50% 46.7 51.8 57.3 57.5 66.1 74.6 724 | 73.6
CIFAR-100 03 80% 19.9 27.9 30.8 31.1 48.2 60.2 58.2 | 60.8
90% 10.1 13.7 14.6 15.3 24.3 31.5 30.8 | 334
| Asym. | 40% | - \ - | - | - | - | 72.1 | 76.5 | 71.5

Table 2: Comparison with state-of-the-art methods on CIFAR-10 and CIFAR-100 with symmetric and
asymmetric noise. For ELR+, we use 10% of the training set for validation, and treat the validation
set as a held-out test set. The result for DivideMix on CIFAR-100 with 40% asymmetric noise was
obtained using publicly available code. The rest of the results are taken from [22], which reports the
highest accuracy observed on the validation set during training. We also report the performance of
ELR+ under this metric on the rightmost column (ELR+%*).
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Robust Loss Regularization

Early-leaming regularization prevents memorization of noisy labels
CHEZXQ1 Noisy Label Benchmark DatasetO|A] ELR+7F 7 |= SOTA CHH| <

\/
0‘0

A G|0|E] : Clothing 1M

CE | Forward [31] | GCE [56] | SL [45] | Joint-Optim [38] | DivideMix [22] | ELR | ELR+
7476 | 72.87 | 74.81

72.16 |

69.10 |  69.84 | 6975 | 71.02 |
Table 3: Comparison with state-of-the-art methods in test accuracy (%) on Clothing1M. All methods
use a ResNet-50 architecture pretrained on ImageNet. Results of other methods are taken from the

original papers (except for GCE, which is taken from [45])
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Conclusion

< ChSotE B0 Z Noisy Label ProblemO| A1E|1 U=
*  Loss value Adjustment 2022.08.28 DMQA Open-Seminar)
*  Mixup 20220828 DMQA Open-Seminar)
*  Co—leaming (2022.08.28 DMQA Open-Seminar)
*  Noise Transition Matrix

*  Robust Loss Regularization
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