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Supervised Leaming Training Data
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Noisy Label Problem — Real World Data
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% Understanding Deep Leaming Requires Rethinking Generalization, ICLR 2017
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Figure 1. Fitting random labels and random pixels on CIFAR1O. (a) The training loss of various experiment settings decaying with the training
steps. (b) The relative convergence time with different Label corruption ratio. (¢) The test error (also the generalization error since training
error is 0) under different Llabel corruptions.
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MentorNet: Leaming Data—Driven Curriculum for Very Deep Neural Networks on Corrupted Labels

20184 ICML (ntemational Conference on Machine Leaming)ol| Lu Jiang” t 1 HSH =2
« 20223083 28UV IE Q18 34~ 9353]

Data Mining
Quality Analytics

MentorNet: Learning Data-Driven Curriculum
for Very Deep Neural Networks on Corrupted Labels

Lu Jiang' Zhengyuan Zhou? Thomas Leung' Li-Jia Li' Li Fei-Fei'?

Abstract

Recent deep networks are capable of memoriz-
ing the entire data even when the labels are com-
pletely random. To overcome the overfitting on
corrupted labels, we propose a novel technigque
of learning another neural network, called Men-
torNet, to supervise the training of the base deep
networks, namely, StudentNet. During training,
MentorNet provides a curriculum (sample weight-
ing scheme) for StudentNet to focus on the sample
the label of which is probably correct. Unlike the
existing curriculum that is usually predefined by
human experts, MentorNet learns a data-driven
curriculum dynamically with StudentNet. Ex-
perimental results demonstrate that our approach
can significantly improve the generalization per-
formance of deep networks trained on corrupted
training data. Notably, to the best of our knowl-
edge, we achieve the best-published result on We-
bWision, a large benchmark containing 2.2 million
images of real-world noisy labels. The code are at

https://github.com/google/mentornet.

deep CNNs, so as to improve generalization performance
on the clean test data. Although learning models on weakly
labeled data might not be novel, improving deep CNNs on
corrupted labels is clearly an under-studied problem and
worthy of exploration, as deep CNNs are more prone to
overfitting and memorizing corrupted labels (Zhang et al.,
2017a). To address this issue, we focus on training very deep
CMNNs from scratch, such as resnet-101 (He et al., 2016) or
inception-resnet (Szegedy et al., 2017) which has a few
hundred layers and orders-of-magnitude more parameters
than the number of training samples. These networks can
achieve the state-of-the-art result but perform poorly when
trained on corrupted labels.

Inspired by the recent success of Curriculum Learning (CL),
this paper tackles this problem using CL (Bengio et al.,
2009). a learning paradigm inspired by the cognitive process
of human and animals, in which a model is learned grad-
ually using samples ordered in a meaningful sequence. A
curriculum specifies a scheme under which training samples
will be gradually learned. CL has successfully improved the
performance on a variety of problems. In our problem, our
intuition is that a curriculum, similar to its role in education,
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% MentorNet: Leaming Data—Driven Curriculum for Very Deep Neural Networks on Conrupted Labels
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Algorithm 1 SPADE for minimizing Eq. (1)

Input :Dataset D, a predefined & or a learned gm (-; ©)
Output : The model parameter w of StudentNet.
Initialize w”, v?, t = 0

1

2 while Nor Converged do

3 Fetch a mini-batch =, uniformly at random

4 For every (x;, ;) in =, compute ¢(x;.y;, W')
5 if update curriculum then

6 | © +« ©7, where " is learned in Sec. 3.1
7 end

8 if (7 is used then

9 | vi vl — 0, VF(wt—t vi )z,
10 end -

11 else vE — gm(d(Ze. w' ™ ');0):

12 wi— wi -, Vo F(w' ™t vz,

13 t—t+1

14 end

15 return w'

MentorNet Algorithm
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Figure 1. Fitting random labels and random pixels on CIFAR10. (a) The training loss of various experiment settings decaying with the training
steps. (b) The relative convergence time with different Label corruption ratio. (c) The test error (also the generalization error since training
error igdiusdec differant label corcuptions o
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Table 2. Comparison of validation accuracy on CIFAR-10 and CIFAR-100 under different noise fractions.

Inception StudentNet
CIFAR-100 CIFAR-10
02 04 08 | 02 04 08

Resnet-101 StudentNet
CIFAR-100 CIFAR-10
Method 0.2 0.4 0.8 0.2 0.4 0.8
FullModel 060 045 008 | 0.82 0.69 0.18
Forgetting 061 044 0.16 | 0.78 0.63 0.35
Self-paced 0.70 055 0.13 | 0.89 0.85 0.28
Focal Loss 059 044 0.09 | 0.79 065 0.28
Reed Soft 062 046 008 | 0.81 063 0.18
MentorNet PD | 0.72 056 0.14 | 091 0.77 0.33
MentorNet DD | 0.73 0.68 035 | 092 0.89 049

043 038 0.15]076 073 042
042 037 017 | 076 071 0.44
044 038 0.14 | 0.80 0.74 0.33
043 038 0.15]077 0794 040
042 039 0.12 | 078 073 0.39
044 039 0.16 | 079 074 0.44
046 041 020|079 0.76 0.46

[Noisy Label Data HI20| [E 5]
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Beyond synthetic noise: Deep leaming on controlled noisy labels.
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Beyond Synthetic Noise: Deep Learning on Controlled Noisy Labels

Lu Jiang' Di Huang’ Mason Liu® Weilong Yang '

Abstract

Performing controlled experiments on noisy data
is essential in understanding deep learning across
noise levels. Due to the lack of suitable datasets,
previous research has only examined deep learn-
ing on controlled synthetic label noise, and real-
world label noise has never been studied in a con-
trolled setting. This paper makes three contribu-
tions. First, we establish the first benchmark of
controlled real-world label noise from the web.
This new benchmark enables us to study the web
label noise in a controlled setting for the first time.
The second contribution is a simple but effective
method to overcome both synthetic and real noisy
labels. We show that our method achieves the
best result on our dataset as well as on two pub-
lic benchmarks (CIFAR and WebVision). Third,
we conduct the largest study by far into under-
standing deep neural networks trained on noisy
labels across different noise levels, noise types,
network architectures, and training settings. The
data and code are released at the following link

http://www.lujiang.info/cnlw.html.

However, due to the lack of suitable datasets, previous work
has only examined DNNs on controlled synthetic label noise,
and real-world label noise has never been studied in a con-
trolled setting. This leads to two major issues. First, as
synthetic noise is generated from an artificial distribution,
a tiny change in the distribution may lead to inconsistent
or even contradictory findings. For example, contrary to
the common understanding that DNNs trained on synthetic
noisy labels generalize poorly (Zhang et al., 2017), Rolnick
et al. (2017) showed that DNNs can be robust to massive
label noise when the noise distribution is made slightly
different. Due to the lack of datasets, these findings, unfor-
tunately, have not yet been verified beyond synthetic noise
in a controlled setting. Second, the vast majority of previous
studies prefer to verify robust learning methods on a spec-
trum of noise levels because the goal of these methods is to
overcome a wide range of noise levels. However, current
evaluations are limited because they are conducted only on
synthetic label noise. Although there do exist datasets of
real label noise e.g. WebVision (Li et al., 2017a), Clothing-
IM (Xiao et al., 2015), etc, they are not suitable for con-
trolled evaluation in which a method must be systematically
verified on multiple different noise levels, because the train-
ing images in these datasets are not manually labeled and
hence their data noise level is fixed and unknown.

[ ]
=
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% Beyond synthetic noise: Deep leaming on controlled noisy labels.
2020 ICML (Intemational Conference on Machine Leaming)dl MentorNet XXt Lu Jiang” | SHESH=2
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“  mixup: Beyond empirical risk minimization
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“  mixup: Beyond empirical risk minimization
*  Deep Neural Network2| Memorization =X|2t Adversarial Examples 2HIE 5liZo}7 | 2[5t Data Augmentation 7 [
« Mixup 7= &&ol0 S24E H0[|E{= 2ES S50, Noisy Label0l] Overfitting=l= =XIE olf&

. Test error Training error
Label corruption Method &

Best Last Real Corrupted

ERM 12.7 16.6  0.05 0.28
20% ERM + dropout (p = 0.7) 8.8 104  5.26 83.55
mixup (o = 8) 5.9 6.4 2.27 86.32
mixup + dropout (o« = 4,p = 0.1) 6.2 6.2 192 85.02
ERM 18.8 446  0.26 0.64
50% ERM + dropout (p = 0.8) 141 155 1271 86.98
mixup (o = 32) 11.3 12.7 5.84 85.71
mixup + dropout (¢« =8,p=0.3) 10.9 10.9 7.56 87.90
ERM 36.5 739  0.62 0.83
0% ERM + dropout (p = 0.8) 309 35.1 29.84 86.37
mixup (o = 32) 25.3 30.9 18.92 85.44
mixup + dropout (¢« =8,p=0.3) 24.0 24.8 19.70 87.67

Table 2: Results on the corrupted label experiments for the best models.
20| Noisy Label E0]| Overfitting=h= SHA2 UX[GHH 2= QIS Ms st
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MentorMix = MentorNet + Mixup
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MentorMix
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< MentorMix = MentorNet +Mixup
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https://ai.googleblog.com/2020/08/understanding-deep-learning-on.html

MentorMix

Experiments

< AISH|0]E : Mini-imageNet & Stanford Cars
+ Z7}=! Mini ImageNet Dataset Stanford Cars HI0[E{0] QL= 02 201 Z4A45101 HOJE] 4245101 7244

*  Googe Cloud Labeling ServiceE A0 =011 #ll 2{|020| SHIEX| O

HE A|H
TE*—lE

Table 2. Peak accuracy (%) of the best trial of each method averaged across 10 noise levels. — denotes the method failed to train.

Q‘ Data Mining
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Mini-ImageNet Stanford Cars
Method Fine-tuned Trained from scratch Fine-tuned Trained from scratch
Blue Red Blue Red Blue Red Blue Red
Vanilla 82.3+19 81.6£1.9 | 5383+£103 649+£5.2 | 70.0£16.8 824469 | 5384244 7T7.7+104
WeightDecay B1.9+1.8 BI.5+1.8 — — T72.2+17.5 B4.3+6.6 — —
Dropout B2.8+1.3 BIE8L£1.8 | 593+£9.5 65.7L£50 | 71.7£16.9 B3.8+6.6 | 62.8+£23.5 84.1+6.7
S-Model B2.3+1.8 82.0+£1.9 | 38.7+£10.2 o64.6+£5.1 | 697168 82.4+7.1 | 53.9+£23.5 77.6+£10.2
Bootstrap B3.1x1.6 82718 | 60.1£9.7 65.5+£49 | 7T1.7£16.9 B2.8+6.7 | 55.6+23.9 7TRO9+9.6
Mixup BlL.7+x1.8 B824+1.7 | 60.7£9.8 66.0£4.9 | 73.1x16.6 B83.0+6.2 | 64.2+21.6  82.5+£8.0
MentorMNet 82.9+1.7 824+1.7 | 61.8£103 65.1£5.0 | 759168 B2.6+6.6 | 56.8+23.1 TRO9+L89
Our MentorMix | 84.2+0.7 833+19 | 70934 67.04+5.0 | 78.2+16.2 86.9+5.5 | 67.7-23.0 83.6+7.5
Mixup RO 2 7= MentorNet CHH| A3 Bkt
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% Co—teaching: Robust training of deep neural networks with extremely noisy labels

20184 NeurlPS (Neural Information Processing Systems)0f| Bo HanO | 4E5H =2
« 20224083 28Y 7|E 2k 24=:10102]

Co-teaching: Robust Training of Deep Neural
Networks with Extremely Noisy Labels

Bo Han"'2, Quanming Yao*?, Xingrui Yu', Gang Niu?,
Miao Xu?, Weihua Hu', Ivor W. Tsang', Masashi Sugiyama>-®

!Centre for Artificial Intelligence, University of Technology Sydney;
2RIKEN: *4Paradigm Inc.; *Stanford University; University of Tokyo

Abstract

Deep learning with noisy labels is practically challenging, as the capacity of deep
models is so high that they can totally memorize these noisy labels sooner or later
during training. Nonetheless, recent studies on the memorization effects of deep
neural networks show that they would first memorize training data of clean labels
and then those of noisy labels. Therefore in this paper, we propose a new deep
learning paradigm called “Co-teaching” for combating with noisy labels. Namely,
we train two deep neural networks simultaneously, and let them teach each other
given every mini-batch: firstly, each network feeds forward all data and selects
some data of possibly clean labels: secondly, two networks communicate with each
other what data in this mini-batch should be used for training; finally, each network
back propagates the data selected by its peer network and updates itself. Empirical
results on noisy versions of MNIST, CIFAR-10 and CIFAR-100 demonstrate that
Co-teaching is much superior to the state-of-the-art methods in the robustness of
trained deep models.
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SEMI-SUPERVISED LEARNING
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Salesforce Research
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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 learning 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
https://github.com/LiJunnanlf992/DivideMix.
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Figure 1: DivideMix trains two networks (A and B) simultaneously. At each epoch, a network models
its per-sample loss distribution with a GMM to divide the dataset into a labeled set (mostly clean) and an
unlabeled set (mostly noisy), which is then used as training data for the other network (i.e. co-divide). At each
mini-batch, a network performs semi-supervised training using an improved MixMatch method. We perform
label co-refinement on the labeled samples and label co-guessing on the unlabeled samples.
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Method
s A 00| : CIFAR-10N & CIFAR-100N
Dataset | CIFAR-10) I CIFAR-100
Method/Noise ratio | 20% | 50% | 80% | 90% || 20% | 50% | &0% | 90%
Cross.Entro Best | 6.8 | 794 | 629 | 427 || 62.0 | 467 | 199 | 10.1
ss-Cniropy Last | 827 | 579 | 261 | 168 || 618 | 373 | 88 | 35
Bootstrap Best | %68 | 798 | 63.3 | 420 || 62.1 | 466 | 199 | 102
(Reedetal., 2015)  Last | 829 | 584 | 268 | 170 || 620 | 379 | 89 | 38
F-correction Best | 86,8 | 798 | 63.3 | 4290 || 615 | 466 | 199 | 102
(Patrini etal, 2017) Last | 83.1 | 594 | 262 | 188 || 614 | 373 | 90 | 34
Co-teaching+* Best | 805 | 857 | 674 | 479 || 656 | 518 | 279 | 137
(Yu et al., 2019) Last | 882 | 841 | 455 | 3000 || 641 | 453 | 155 | 88
Mixup Best | 956 | 87.1 | 716 | 522 || 67.8 | 57.3 | 30.8 | 146
(Zhang etal,2018) Last | 923 | 776 | 467 | 439 || 660 | 466 | 17.6 | 8.1
P-correction® Best | 924 | 891 | 775 | 589 || 694 | 575 | 31.1 | 153
(Yi & Wu, 2019) Last | 920 | 887 | 765 | 582 || 681 | 564 | 207 | %8
Meta-Learning” Best | 920 | 803 | 774 | 587 || 685 | 502 | 424 | 195
(Li et al., 2019) Last | 920 | 888 | 76.1 | 583 || 677 | 580 | 4001 | 143
M-correction Best | 940 | 920 | 868 | 69.1 || 739 | 66.1 | 482 | 243
(Arazoetal.2019) Last | 93.8 | 919 | 866 | 687 || 734 | 654 | 476 | 205
DivideMix Best | 96.1 | 94.6 | 932 | 76.0 || 77.3 | 74.6 | 60.2 | 315
Last | 95.7 | 944 | 929 | 754 769 | 742 | 596 | 310

Table 1: Companison with state-of-the-art methods in test accuracy (%) on CIFAR-10 and CIFAR-100
with symmetne noise. Methods marked by * denote re-implementations based on public code.

N

Data Mining
Quality Analytics

41



Conclusion

o7 S5 Y A

R/
0’0

N

Noisy Label ProblemOf|A{= Training Loss 2{0| 2 HIO|E{E Noisy Label H|O|E{2t11 7 1Y
Mixup 0|25+ 2 HO| QUHt5} M St 7| Noisy Label0] EEHE! H|0|Ef SRA0|= Sabs
£ 742 NetworkS 212} 8155101 Cross updatedt= 20| Noisy Label0| ZL8}HEl H|0|E] S8R50 Sab
e M[O]LIOfA ATt 4] 20| CRFet F HAlO 2 Noisy Label ProblemO| G171 US
*  Robust Loss Function Design
*  Robust Regulanization
*  Robust Network Architecture

«  Sample Selection

Data Mining
Quality Analytics

42



Thank you

S A0|LHLHROH| CHEHEO| ASI0| QUOA|TH
Ol2HO] O|HIQ ZEAZ OT2IZAIZ! HIZILICH

1T

E—mail : dawonksh@korea.ac.kr



=t

A
rol

N

Data Mining
Quality Analytics

Jiang, L., Zhou, Z., Leung, T., Lii, L. J., & Fei-Fei, L. (2018, July). Mentomet: Learning data—driven curriculum for

very deep neural networks on corrupted labels. In International Conference on Machine Learning (pp. 2304-2313).
PMLR.

Jiang, L., Huang, D., Liu, M., & Yang, W. (2020, November). Beyond synthetic noise: Deep learning on controlled
noisy labels. In International Conference on Machine Learning (pp. 4804-4815). PMLR.

Han, B., Yao, Q., Yu, X, Niu, G., Xu, M., Hu, W, ... & Sugiyama, M. (2018). Co—teaching: Robust training of deep
neural networks with extremely noisy labels. Advances in neural information processing systems, 31.

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

Chen, P., Liao, B. B., Chen, G., & Zhang, S. (2019, May). Understanding and utilizing deep neural networks trained
with noisy labels. In International Conference on Machine Leaming (pp. 1062-1070). PMLR.

Zhang, H., Cisse, M., Dauphin, Y. N., & Lopez—Paz, D. (2017). mixup: Beyond empirical risk minimization. arXiv
preprint arXiv:1710.09412.

Zhang, C., Bengio, S., Hardt, M., Recht, B., & Vinyals, O. (2021). Understanding deep learning (still) requires
rethinking generalization. Communications of the ACM, 64(3), 107-115.

44



