
The Utility of Validation Sets for Meta-learning Methods for

Noisy-Label and Imbalanced Learning Problems

by

Hoang Anh Dung

In fulfilment of the requirements for the degree of

Master of Philosophy

March 2023

Faculty of Sciences, Engineering and Technology

School of Computer and Mathematical Sciences

The University of Adelaide





Contents

Declaration xvii

Acknowledgements xix

Abstract xxi

1 Introduction 1

1.1 Motivation to noisy-label learning problems . . . . . . . . . . . . . . . 1

1.2 Class-Imbalanced learning problem . . . . . . . . . . . . . . . . . . . . 3

1.3 Background and motivation . . . . . . . . . . . . . . . . . . . . . . . . 6

1.4 My Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.5 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2 Literature review and related methods 11

2.1 Noisy-label learning problems . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.1 Closed-set versus open-set label noise . . . . . . . . . . . . . . . 12

2.1.2 Symmetric noise . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.3 Asymmetric noise . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.4 Instant-dependent and semantic noise . . . . . . . . . . . . . . . 15

iii



iv Contents

2.2 Noisy-label learning methods . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2.1 Noise transition matrix . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.2 Robust loss . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2.3 Sample weighting . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2.4 Sample selection and noise identification . . . . . . . . . . . . . 23

2.2.5 Pseudo labeling . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.2.6 Data augmentation for noisy-label learning . . . . . . . . . . . . 27

2.2.7 Meta learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.2.8 Mixed methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.3 Imbalanced learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.3.1 Class re-balancing . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.3.2 Information augmentation . . . . . . . . . . . . . . . . . . . . . 36

2.3.3 Module improvement . . . . . . . . . . . . . . . . . . . . . . . . 37

2.4 Active learning and its application for meta learning . . . . . . . . . . . 39

2.5 Self-supervised learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

2.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3 Validation Set Utility Maximization 45

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.2.1 Noisy-label and meta learning . . . . . . . . . . . . . . . . . . . 48

3.2.2 Noisy-label and imbalanced learning . . . . . . . . . . . . . . . 49

3.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.3.1 Maximizing the Utility of the Validation Set . . . . . . . . . . . 52

3.3.2 Training Procedure . . . . . . . . . . . . . . . . . . . . . . . . . 62



Contents v

3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.4.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.4.2 Implementation Details . . . . . . . . . . . . . . . . . . . . . . . 66

3.4.3 Symmetric Noise . . . . . . . . . . . . . . . . . . . . . . . . . . 67

3.4.4 Asymmetric Noise . . . . . . . . . . . . . . . . . . . . . . . . . 68

3.4.5 Instance-dependent Noise . . . . . . . . . . . . . . . . . . . . . 71

3.4.6 Semantic Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

3.4.7 Imbalanced Learning . . . . . . . . . . . . . . . . . . . . . . . . 75

3.4.8 Imbalanced Noisy-label Learning . . . . . . . . . . . . . . . . . 75

3.4.9 Open-set Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

3.4.10 Real-world Datasets . . . . . . . . . . . . . . . . . . . . . . . . 78

3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

3.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4 Conclusion and Discussion 87

4.1 Limitations and future work . . . . . . . . . . . . . . . . . . . . . . . . 88

Bibliography 91





List of Tables

2.1 Test accuracy (%) of meta learning approaches on CIFAR datasets under

symmetric noise at several rates (from 0.2 to 0.8). Those masked with

(T) are methods that require a clean validation set. . . . . . . . . . . . 31

2.2 Advantages and disadvantages of noisy-label learning approaches. Adapt-

ability denotes the flexibility of the methods that can be integrated into

any framework, Competitive with SOTA denotes if the approach (by

itself) can produce state-of-the-art results in current benchmarks, Prac-

ticality represents if the method is simple and easy to implement,Clean

validation data is True if the methods require extra data. . . . . . . . 33

3.1 Test accuracy (%) of our INOLML and previous methods for symmetric

noise. Methods with T represent meta learning methods that need clean

validation sets. The lower block contains meta learning methods, while

the upper block shows SOTA methods. . . . . . . . . . . . . . . . . . . 67

vii



viii List of Tables

3.2 Test accuracy (in %) comparison between our method (INOLML) and

the Distill model (DN) on symmetric noise (rates of 20%, 40% and 80%)

using 1, 5 and 10 samples per class in the validation set on two backbone

models: Resnet29 (RN29) and Wideresnet28-10 (WRN). The results of

the Distill model with WideResnet28-10 are collected from [197]. Recall

that the Distill needs a clean validation set, while our INOLML works

with an automatically built validation set. . . . . . . . . . . . . . . . . 69

3.3 Test accuracy (%) of our INOLML and previous methods on CIFAR10

with 0.4 asymmetric noise. Comparison with Distill using a valida-

tion set D(v) of sizes 1, 5 and 10 samples per class on Resnet29 and

WideResnet28-10. The superscript T indicates the need for clean vali-

dation sets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.4 Test accuracy (%) of our INOLML and previous methods on CIFAR10

with 0.4 asymmetric noise. The superscript T indicates the need for

clean validation sets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

3.5 Test accuracy (%) of our INOLML and previous SOTA methods for

instance-dependent noise. . . . . . . . . . . . . . . . . . . . . . . . . . 71

3.6 Test accuracy (in %) comparison between our method (INOLML) and

the Distill model (DN) on instance-dependent noise (rates of 20% and

40% ) using 1, 5 and 10 samples per class in the validation set on

Resnet29 model as the backbone framework (RN29). We note that Dis-

till needs a clean validation set, while our INOLML demands the manual

acquisition of an extra clean validation set. . . . . . . . . . . . . . . . . 72



List of Tables ix

3.7 Test accuracy (in %) comparison between our method (INOLML) and

the Distill model (DN) on semantic noise (rates of 31% for CIFAR10

and 37% for CIFAR100) using 1, 5 and 10 samples per class in the

validation set on Resnet29 (RN29) and WideResnet28-10(WRN) model

as the backbone frameworks. The results are recorded by taking the

average performance of 3 independent runs. . . . . . . . . . . . . . . . 74

3.8 Test accuracy (%) of our INOLML and other SOTA meta learning

approaches evaluated on the CIFAR imbalanced learning (long-tailed)

recognition task. The reported results are from Xu et al. [171], Zhang

and Pfister [196]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

3.9 Test accuracy (%) of INOLML and other SOTA methods on CIFAR10

and CIFAR100 imbalanced learning mixed with symmetric noise. The

reported results are from [196] and [162]. . . . . . . . . . . . . . . . . 77

3.10 Test accuracy (%) of INOLML and previous methods in open-set noise

using WideResnet28-10 with 10 samples per class for validation. . . . 78

3.11 Prediction accuracy (%) on real-world datasets. Webvision with Resnet50,

evaluated on Webvision and ImageNet test sets. The results of other

methods are from [26, 196] or from original papers. . . . . . . . . . . . 79

3.12 Prediction accuracy (%) on the Red Mini-ImageNet dataset. The results

of other methods are from [26, 196] or from original papers. . . . . . . . 80



x List of Tables

3.13 Test accuracy (%) on CIFAR10 and CIFAR100 under asymmetric and

imbalanced noisy-label problems, where IR denotes the imbalance ratio.

The 1st row shows the results of the optimization of the average of weight

(col. Average Weight in (3.6)) instead of (3.7). The 2nd row shows the

results of optimizing the lower part of (3.7) (col. Info(.) Only) without

the upper part of (3.7) Clean(.). The last row (Whole (3.7)) shows our

final model result. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

3.14 Comparison in result of INOLML between using full training data and

using a separate subset of training data for validation data sampling un-

der symmetric noise with ratio 0.4 and 0.8 over CIFAR10 and CIFAR100

dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82



List of Figures

1.1 Impact of a noisy-label dataset for training a binary classifier, with the

black line representing a classification boundary learned with the cor-

responding data (class 1:red points, class 2: green points). The upper

part illustrates the classifier training when the dataset is contaminated

with uniform (or symmetric) label noise, while the lower part shows the

negative influence of semantic noise, obtained by flipping the label of

samples that lie near the class boundary. . . . . . . . . . . . . . . . . 4

1.2 Unfavorable impact of imbalanced data on the training of a binary clas-

sification model (blue points: class 1, red points: class 2), with the

black line representing the classification boundary learned with the cor-

responding datasets. We can see that the classification boundary trained

with an imbalanced dataset (on the right) will favor the majority class,

compared to the classifier trained with a balanced training (on the left). 5

2.1 Illustration of the differences between closed-set and open-set noise. The

red line denotes the trained classification boundary using the correspond-

ing training data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

xi



xii List of Figures

2.2 Symmetric (left) and asymmetric (right) noisy-label transition matrices

in a classification problem containing five classes. The matrix on the left

represents a symmetric label noise with rate 60%, uniformly distributed

among the incorrect classes. The matrix on the right denotes an asym-

metric label noise again with rate 60%, but with specific probabilities

among training classes. . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.3 Example of ambiguous images of a dog (left) and an unambiguous image

of a cat (right). A human annotator will typically have more difficulty

to label correctly the ambiguous image on the left. . . . . . . . . . . . 16

2.4 Examples of real-world Webvision and CNWL dataset containing clean

and noisy labels. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.5 Distribution of natural logarithm of the cross-entropy classification loss

values for clean-label samples (left) and noisy-label samples (right) after

30 epochs of vanilla training with noisy-label data using a Resnet18

model on CIFAR-10 dataset with 40% asymmetric noise. . . . . . . . . 24

2.6 A generic framework for sample selection with GMM. . . . . . . . . . . 26



List of Figures xiii

2.7 The L2W meta learning diagram contains a model, which is the classi-

fier, and a meta-model, represented by the weights for the training sam-

ples. The training sample weights are initialized to have uniform weights

within a batch (1). The model is then trained with the weighted train-

ing data using a weighted cross entropy loss (2). Next, these weights

are estimated by minimizing the meta-loss using a clean validation set

(3), which requires a second-order gradient descent (4). After updating

the training samples weights (5), we re-train the model with a weighted

cross entropy loss (6). In the figure, SGD means stochastic gradient

descent. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.8 Summary of imbalance learning methods. . . . . . . . . . . . . . . . . 34

2.9 The differences between three main categories of active learning. . . . . 40

2.10 Summary of self-supervised techniques. . . . . . . . . . . . . . . . . . . 42

3.1 A sketch that illustrates the phases of the INOLML algorithm: 1) fil-

tering of the initial noisy training set D to divide it into two disjoint

sets, including a pseudo clean set D(c) and a pseudo noisy set D(n); 2)

building the training set D(t) and the validation set D(v), extracted from

D(c), consisting of samples that are balanced and informative (from a

meta learning perspective) and with a high prospect of being annotated

with clean annotations; and 3) meta learning using D(t) and D(v). Each

training iteration runs through these three steps. . . . . . . . . . . . . 47

3.2 Comparison between FSR, FAMUS and our proposed INOLML. . . . . 50

3.3 Similarity score between each pair of classes from training data from

clean validation data on a CIFAR10 with 0.4 symmetric noise. . . . . 54



xiv List of Figures

3.4 Contribution of the training sample weight for each training class from

clean validation samples for all classes on a CIFAR10 with 0.4 symmetric

noise. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.5 Difference between the optimization of the average (or sum) of ”infor-

mation content” (left figure) and the maximization of the maximum

”information content” (figure on the right) using a 3-class classification

problem, with the likelihood of each class represented by ellipsoids of dif-

ferent colors. Selecting a validation sample that maximizes ω in Eq. (3.6)

leads to a validation set containing nearly duplicate data (figure on the

left), while selecting them one by one by optimizing Eq. (3.8) generates

a more diverse validation set (right hand side). . . . . . . . . . . . . . . 58

3.6 Summary of the process of building the validation set. MAL denotes

our moving average label consistence test, in which training samples

that fail the test will be included in the noisy training set while among

training samples that passed the inspection, 200 of them will be ran-

domly sampled to be candidates for the new validation set optimization.

The training samples that are not selected for the validation set will be

grouped with the noisy training set. . . . . . . . . . . . . . . . . . . . . 60

3.7 Magnitude of gradients from some of the last layers of a deep neural

network. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.8 Selected samples to be included in the validation set at the beginning

(left graph) and the end (right graph) of the training. . . . . . . . . . . 62

3.9 Accuracy of the clean validation set D(v) as training progresses evaluated

on different noise benchmarks. . . . . . . . . . . . . . . . . . . . . . . 73



List of Figures xv

3.10 Accuracy (%) of our INOLML using different sample selection methods

under uniform label noises. . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.11 Mean ω given the training iterations, for the selected clean (left side)

and noisy (right side) samples using our validation set selection (blue

curves) compared to a random validation selection ( orange curves) on

CIFAR-10 with 0.8 symmetric noise. . . . . . . . . . . . . . . . . . . . 83





Declaration

I certify that this work contains no material which has been accepted for the award of

any other degree or diploma in my name, in any university or other tertiary institution

and, to the best of my knowledge and belief, contains no material previously published

or written by another person, except where due reference has been made in the text. In

addition, I certify that no part of this work will, in the future, be used in a submission in

my name, for any other degree or diploma in any university or other tertiary institution

without the prior approval of the University of Adelaide and where applicable, any

partner institution responsible for the joint-award of this degree.

I give permission for the digital version of my thesis to be made available on the web,

via the University’s digital research repository, the Library Search and also through

web search engines, unless permission has been granted by the University to restrict

access for a period of time.

Hoang Anh Dung 21/3/2023

xvii





Acknowledgements

Master of Philosophy is an important, rigorous, challenging, and at the same time,

an exciting milestone of my university life. Such experience not only has played an

indispensable role in developing my career, intellectual and academic skills, but at the

same time has dramatically modeled and expanded my perspective about academia,

inspiring me to achieve many future goals. The completion of my thesis would not be

possible without the help of my supervisors, friends and family members whom I am

fortunate enough to be able to learn, work and collaborate with. Since it is impossible

to give my thanks to all of them individually in the thesis, I would love to give my

acknowledge to those friends/collaborators that contribute the most to my study.

First and foremost I am extremely grateful to my supervisors, Prof. Gustavo

Carneiro and Dr. Vasileios Belagiannis for their valuable advices, continuous support,

and patience during my MPhil. Their immense knowledge and plentiful experience have

encouraged me all the time to pursue my academic research, from a student lacking

research experience to a researcher with academic skills in computer vision.

I would also like to thank Dr. Cuong Nguyen for his writing support for my paper.

Cuong has also indirectly provided great advice and suggestions about the research

with insightful discussions and encouragement, in which his expertise and experience

have helped me overcome many obstacles in my research. I am very grateful to have

xix



xx Acknowledgements

him as my friend and colleague.

I would like to thank many colleagues at the Australian Institute for Machine

Learning (AIML) for many amusing moments. You all have made my days at AIML

more enjoyable.

I would like to thank many friends outside of work, especially Timothy and Cade,

for their emotional support that helped me relieve stress during the time I spent in

Australia. I have really enjoyed the time we spent on discussions about not only

scientific research, but also political issues, future technologies, hobbies and many

other things.

I would like to thank all the technical members at AIML. It is their kind help and

tech support support that have made my study and life in the University of Adelaide

a wonderful time.

Finally, I would like to thank all my friends, my parents and my younger sister.

Without their tremendous understanding and encouragement in the past few years, it

would have been impossible for me to complete my MPhil.



Abstract

In recent years, the world has witnessed successful developments for solving visual

learning tasks, including image classification, object detection, and semantic segmen-

tation. In large part, this success is due to the introduction of sophisticated deep

learning models. Unfortunately, these models often require a massive amount of anno-

tated training data in order to achieve acceptable performance. Annotating such large

amount of data is not only time-consuming and costly, but also impractical or even

impossible in many scenarios. Such problems have motivated the development of more

affordable solutions, e.g., using crow-sourcing for data annotation process, which is a

less expensive way to collect and annotate data, but may result in training dataset that

are likely to be contaminated with label noise. Unfortunately, deep neural networks

with their high capacity can easily overfit to those training samples, resulting in a de-

terioration in terms of prediction performance. Moreover, the presence of noisy-labeled

data can aggravate label distribution imbalances on such training sets. Consequently,

the field has intensively worked in the development of methods to address the issues

produced by imbalanced noisy-label datasets in the training of deep learning models.

Many approaches have been proposed to handle training datasets with label noise

and imbalanced label distribution. Among those, meta-learning has been demonstrat-

ing to be one of the most successful methods. Conventionally, a clean and balanced

xxi
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validation set is usually required to train traditional meta-learning model. However,

obtaining such validation set can be expensive or even impossible to access for certain

datasets, particularly when the number of classes in the dataset is in the order of 103

or more. Such issues when building a clean dataset have motivated the development of

meta-learning methods that automatically select validation samples that are likely to

have clean labels and balanced class distribution. The aim is to form an “informative”

validation set where the samples belonging to that set not only are clean and class-

balanced, but also have high utility for the meta-learning algorithm. This is, however,

missing from the majority of existing studies in meta-learning literature. In addition, a

common problem with these methods is that when the level of label noise is high, most

prior meta-learning methods are prone to overfitting due to their inability to select

truly clean samples for the validation set.

The main focus of this thesis is, therefore, the proposal of a new meta-learning

method that is robust to training sets that contain imbalanced class distribution and

noisy labels, without requiring a clean and balanced validation set. The main technical

contribution is the “informativeness” measure derived from a theoretical observation

in the meta-learning approach, called Learning to Re-weight (L2W) which allows us to

define a sample informativeness measure. Using this theoretical observation, the pro-

posed method can automatically a highly-informative validation set that has highly-

informative samples which have clean labels with high probability, where the class

distribution is balanced. Empirical evaluation is then carried out on publicly available

noisy label benchmarks that explore all common types of label noise, such as sym-

metric, asymmetric, instant-dependent, close-set, and open-set, on both synthetic and

real-world datasets. The proposed method shows state-of-the-art performance on the

majority of these benchmarks and outperforms all previous meta-learning approaches



xxiii

by a large margin.

In summary, the newly-proposed meta-learning method has replaced the manual

data collection and annotation to form a validation set by an automatic mechanism,

while substantially boosting their prediction performance on several benchmarks. De-

spite its affordability and effectiveness, the proposed method still has some drawbacks,

especially the overfitting issue at extremely-high label noise. Such weakness will be

investigated and studied as a part of my future work.





Chapter 1

Introduction

This chapter briefly introduces the problems of noisy-label and imbalanced learning,

presenting relevant background information and existing open research problems in

these fields. It is then followed by a few prominent approaches that contain important

research directions for noisy-label and imbalanced learning which motivated the devel-

opment of our method. In particular, the strengths and limitations of each approach

are discussed in details to identify the knowledge gap and potential improvements that

I aim to address. Additionally, the aims and objectives of our research are presented,

together with our contribution. We conclude the chapter with an outline of the struc-

ture of this thesis.

1.1 Motivation to noisy-label learning problems

Within the past decade, there have been great advancements in computer vision partly

because of the development of deep learning models. Such successes often rely on

extremely large learning capacity models and their potential to generalize well when

1



2 Chapter 1. Introduction

trained with enormous amounts of high-quality training data. Those models have been

widely adopted to build state-of-the-art image classifiers [52, 70, 157], object detectors,

and semantic segmentation systems. However, the condition that training requires

high-quality training data plays a crucial role in the performance of deep learning

models, which drove substantial efforts to the collection and labeling of large-scale

training sets, such as ImageNet [33] and COCO [96]. Unfortunately, to obtain such

a large amount of annotated data is, however, arduous, costly and even infeasible in

some situations. For instance, in some fields such as medical image analysis [2] and

satellite image analysis [101], it is challenging to obtain large-scale and high-quality

datasets due to privacy concerns and the cost associated with the collection and labeling

processes. Additionally, data collection and labeling of medical image datasets [48,

124] require a large number of professionals in the medical field with extraordinary

expertise to visually identify different diseases. However, these experts are often well-

paid and time poor, which complicates the dataset collection and labeling. In addition,

concerns with patient information privacy can also hinder the dataset construction.

Another typical example is the collection and annotation of satellite images [195, 199],

where a single high-resolution image can cost thousands of dollars, and some of these

images may not be allowed to become publicly available due to the presence of sensitive

information. As a result, these issues have inspired the computer vision and machine

learning communities to develop data collection and labeling methods that are more

affordable and logistically less complicated.

Crowd sourcing [14, 61, 141] is a method designed to alleviate the issue of relying

on an expensive labeling process. However, such solution has a problematic downside,

which is the fact that the labels produced by the cheap and mediocre crowd sourcing

annotators may be incorrect. Consequently, it is likely that the data labels from crowd
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sourcing have not only label noise, but also labeling biases and inconsistencies. Un-

fortunately, training deep learning models with such poorly curated datasets can lead

to overfitting and poor generalization. In order to formulate the noisy label problems

and compensated for the lack of available realistic noisy datasets, as well as simulat-

ing their impact over deep neural network training, many popular datasets such as

CIFAR10, CIFAR100 [86] contaminated with synthetic and artificial noise have been

introduced as the standard benchmarks to study this problem. Additionally, a wide

range of different types of noise have also been introduced, such as symmetric noise,

asymmetric noise, open-set noise, semantic noise and real world noise, which we will

provide definition in detail in the next Chapter.

Fig. 1.1 illustrates the consequences of training a binary deep neural network clas-

sifier to fit training sets contaminated with two different types of label noise, namely

uniform noise (a.k.a. symmetric noise, or random noise), and semantic noise (noise that

is generated by an imperfect annotator, e.g., a classifier trained on noisy data). We

can see that the presence of label noise (on the right) will bias the clean-label dataset

classification boundary (on the left), so it can fit the noisy-label datasets. Such biased

classification boundary will lead to low classification accuracy on the test set. More-

over, existing noisy label learning frameworks often demand hyper-parameter tuning

or extra clean data as anchor points to handle confirmation bias, which either increase

the data cost further or make those frameworks less robust to unseen noisy datasets.

1.2 Class-Imbalanced learning problem

Imbalanced learning [63, 72, 148, 152, 156] is a challenging issue that has captured the

attention of the computer vision and machine learning communities due to its preva-
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Clean  data

Adding uniform noise

Data with uniform noise

Clean  data

Adding semantic noise

Data with semantic noise

Figure 1.1: Impact of a noisy-label dataset for training a binary classifier, with the
black line representing a classification boundary learned with the corresponding data
(class 1:red points, class 2: green points). The upper part illustrates the classifier
training when the dataset is contaminated with uniform (or symmetric) label noise,
while the lower part shows the negative influence of semantic noise, obtained by flipping
the label of samples that lie near the class boundary.

lence in real-world datasets. The problem is defined by large differences in the number

of samples per class available for training, which form majority classes (i.e., classes

that contain a relatively large amount of training samples) and minority classes (i.e.,

classes that have a relatively small amount of training samples) [193]. Such imbal-

anced learning problem can severely degrade classification accuracy of deep learning

models, particularly for the minority classes. A typical cause of imbalanced learning

lies in the natural prevalence of classes in certain classification problems. For example,
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Balanced data

Reducing samples

Imbalanced data

Figure 1.2: Unfavorable impact of imbalanced data on the training of a binary classifi-
cation model (blue points: class 1, red points: class 2), with the black line representing
the classification boundary learned with the corresponding datasets. We can see that
the classification boundary trained with an imbalanced dataset (on the right) will favor
the majority class, compared to the classifier trained with a balanced training (on the
left).

datasets available for medical image analysis tasks [17, 198] are usually plagued with

imbalanced distributions because disease class samples tend to be (thankfully) much

rarer than the normal class samples. In addition, certain diseases can be rarer than

other diseases [77], leading to minority classes with extremely few samples. Another

potential cause of data distribution imbalance is bias in the data collection and labeling

processes [11, 118]. For instance, under a domain-specific data collection process, sam-

ples can be acquired in a biased manner following a skewed prior knowledge. Also, data

can be annotated with wrong labels because of annotator’s prejudices. These factors

are commonly observed in real-world datasets, exacerbating the imbalanced learning

problem, which can have an unfavorable impact on the training of deep learning mod-

els. Fig. 1.2 illustrates the negative influence of training with imbalanced input data,

which causes the classifier to reduce the risk of classifying incorrectly samples from the

majority classes because of their larger contribution to the classification loss.
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The consequence of traditional classification loss minimization using such imbal-

anced training sets is the low classification accuracy for the minority classes, particu-

larly in comparison with the classification performance of the majority classes. There-

fore, many solutions have been devised to alleviate the negative impact of this data bias

problem [63, 72, 148, 152, 156]. However, since most of previous imbalanced learning

papers assume that the training set contains only clean labels, there are not many pre-

viously published papers that attempt to address imbalanced learning and noisy-label

learning at the same time. Moreover, as most of the methods designed for noisy-label

learning and imbalanced learning have strong assumptions, such as a balanced training

set or a clean-label training set, these methods can suffer from performance degrada-

tion when dealing with the combined problems of noisy-label and imbalanced learning.

These issues will be discussed in more details in the next Chapter.

1.3 Background and motivation

A great number of methods have been designed for noisy-label learning problems,

which can be roughly grouped as follows: ensemble learning [113], student-teacher

model [147], robust loss functions [102, 155, 159], , label cleaning [68, 183], iterative

label correction [194], co-teaching [52, 70, 92, 110, 179], dimensionality reduction [108],

semi-supervised learning [92, 121, 122], meta learning [1, 2, 53, 70, 131, 139, 144,

149, 171, 196, 197], and mixed methods [71, 81, 120, 181, 190]. However, the exper-

imental setting used by the methods above usually relies on a training set containing

a balanced distribution. Consequently, most of these methods suffer significant per-

formance degradation in imbalanced learning problems, except for the meta learning

approaches [1, 2, 70, 131, 139, 149, 171, 196, 197]. This is because the meta objective
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of the meta learning framework for noisy label problems relies on a balanced clean val-

idation set to guide the training of the model. Since this clean validation set is always

balanced, samples from minority classes in imbalanced learning setting will receive a

larger weight under the meta learning framework, which will alleviate the issues caused

by the imbalanced learning problem.

On the other hand, the large attention provided by the scientific community to

the imbalanced learning problem has also resulted in many effective techniques [24,

100, 153, 160, 164], which can be divided into several groups, such as: [193]: transfer

learning [24, 160], classifier design [100, 164], re-sampling (e.g., meta learning) [153],

decoupled training [72, 74], ensemble learning [45, 203], cost-sensitive learning [36,

145, 204], data augmentation [23, 185], logit adjustment [112, 127] and representation

learning [66, 191]. Regrettably, most of the existing imbalanced learning methods

assume the input training data to only have clean labels, reducing their practicability

and performance when dealing with the datasets contaminated with label noise. The

only technique that does not make such assumption is meta learning, which, as already

described above, can also handle noisy-label learning by using a balanced and clean-

label validation set. Other imbalanced learning approaches have also been adopted for

noisy-label learning (e.g., logit adjustment [112, 127] and classifier design [26, 92, 100,

122, 164]), but they often require a great deal of hyper-parameter tuning [26, 92] to

become robust against specific types of label noise.

Meta learning is a versatile learning paradigm that can address many problems,

such as imbalanced noisy-label learning and few-shot learning [64] problems. This

type of learning optimizes the parameters of a model to be applied in some specific

task (e.g., classification) and also the meta-parameters to improve model training. For

instance, in noisy-label meta learning [1, 2, 70, 131, 139, 149, 171, 196, 197], the model
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parameters are the neural network weights, while the meta-parameters usually consist

of training sample weights and pseudo labeling weight [196, 197]. The meta learning

methods optimize the model based on a weighted cross entropy loss that automatically

down-weightthe losses of noisy samples and up-weight the losses of clean samples. This

meta-parameter for training samples is iteratively optimized per batch with respect to

the model’s evaluation on an small clean-label dataset. For example, L2LWS [32] and

CWS [31] approaches rely on a target deep neural network (DNN) and a meta-DNN

that is pre-trained on a small clean validation dataset to re-weight the training samples

to optimize the target DNN. Furthermore, learning to re-weight (L2W) [131] weights

training samples based on the performance of one-step-ahead model on the validation

set.

Most of previous meta learning methods require a manually labeled clean validation

set, which is either expensive to acquire or unavailable in some real-world scenarios.

Only recently, there have been several meta learning works such as FSR [196] and

FAMUS [171] that attempt to combat this problem by exploiting an automatic mech-

anism to select the validation data. Hence, similarly to [171, 196], I aim to remove the

necessity of a manually collected validation set. However, compared to previous studies

[171, 196], the proposed method is motivated by the meta re-weighting optimization in

order to select samples that are clean, informative and balanced. As FSR and FAMUS

pay more attention to model simplification and cost reduction, they do not fully exploit

the validation data for meta learning. As a result, their performance is not competitive

compared to previous state-of-the-art meta learning frameworks. This remains a gap

knowledge that needs to be resolved. In contrast, the proposed method, to the best

of my knowledge, is the first work that leverages the noisy training dataset to build

an informative validation set. Additionally, my work is one of the noisy label learning
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pioneers that attempts to tackle the combination problem including both noisy-label

and imbalanced learning.

1.4 My Contributions

As motivated by the shortcomings of previous meta learning methods designed to solve

imbalanced learning and noisy-label learning, in this thesis,I propose several extensions

of such meta learning methods to improve their classification performance. My contri-

butions are summarized as follows:

• A set of new sample selection criteria to select informative, clean-labeled, and

balanced samples to be included in the “pseudo-clean” validation set of a meta

learning optimization;

• A novel meta learning algorithm that is designed to automatically constructs a

“pseudo-clean” validation set by maximizing its utility according to the newly-

proposed criteria, comprising the following steps: 1) detecting and labeling sam-

ples classified as clean-labeled from the noisy training set; 2) building of the

validation set using the proposed utility criteria; and 3) meta learning using the

validation set from step (2);

• Empirical demonstration the effectiveness of the proposed meta learning method,

e.g., that our meta learning algorithm shows better classification accuracy than

state-of-the-art meta learning and noisy-label learning approaches on most of the

current public benchmarks in noisy-label learning and imbalanced learning.
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1.5 Thesis Overview

This thesis is organized as follows:

• Chapter 1 briefly introduces the noisy-label learning and imbalanced learning

problems, the knowledge gap that we aim to address, our research motivation,

our contributions, and the general thesis outline.

• In Chapter 2, I present the literature review of related methods and defines

the noisy-label learning and imbalanced learning problems in more detail. The

strengths and weaknesses of each method are also analyzed with regards to the

knowledge gap that I aim to handle.

• Chapter 3 introduces the main contributions of this thesis, which is a new meta

learning algorithm and a new set of criteria to build a pseudo-clean validation

set. The proposed algorithm is then evaluated on several benchmarks containing

different types of label noise and class-imbalanced ratio. The effect of each com-

ponents in the proposed algorithm is also analyzed and discussed via ablation

studies.

• Chapter 4 summarizes all technical contributions of this thesis and discusses the

weaknesses and potential improvements for the proposed method, as well as plans

for future works.



Chapter 2

Literature review and related

methods

In this chapter, I introduce the problems of noisy label learning and imbalanced data

learning in detail. Initially, I define the noisy-label learning problem and explain dif-

ferent types of label noise and their potential negative impact on the training process.

Subsequently, I review several noisy-label learning approaches, including their advan-

tages and disadvantages and highlighting current research gaps. Following that, an

introduction and a literature review of the imbalanced learning problem are presented.

Then, we review other methodologies that were not explicitly designed for imbalanced

learning or noisy-label learning, but are related to both problems or helpful for the de-

velopment of this thesis. For instance, I discuss a few recent active-learning approaches

that are relevant for the selection of validation samples for meta learning models, and

self-supervised/feature representation learning that can potentially be used for imbal-

anced and noisy-label learning. I conclude the chapter with a discussion about previous

works on meta learning classification based on sample re-weighting.

11
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2.1 Noisy-label learning problems

As explained in Section 1.1, noisy-label datasets are now widespread in computer vision

and machine learning. These datasets have driven these fields to propose new methods

that can fully explore them. These methods are based on various techniques, which can

be roughly classified as follows: robust loss functions [154, 159], label cleaning [68, 183],

meta learning [53, 131], ensemble learning [113], and other methods [81, 190]. In con-

junction with the development of methodologies to tackle poorly annotated datasets,

many types of noise have been proposed and studied, leading to the implementation of

noisy-label learning benchmarks [10, 25, 82, 125, 157, 180, 188]. In general, the noisy-

label learning problems can be split into closed-set noise and open-set noise, which

can then be sub-divided as symmetric (or uniform) noise, asymmetric noise, semantic

noise, and instance-dependent noise, which are explained in detail below.

2.1.1 Closed-set versus open-set label noise

The noisy-label learning problem can also be divided into two categories: closed-set

and open-set. A dataset is contaminated with closed-set label noise when all images

in the dataset belong to one of the training classes. For example, on one hand, a

problem is considered to be closed-set when all images in the dataset belong to one of

the C classes that form the training set, but the labeling process may have introduced

mistakes, where some of the labels have been switched to another label within the

set of C classes. On the other hand, in open-set noise scenarios, the dataset images

may belong to classes that are not in the set of C training classes, but their labels

are one of the C classes. For instance, Clothing1M dataset [168] have images that are

annotated with 14 training labels, despite containing images from visual classes outside
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Figure 2.1: Illustration of the differences between closed-set and open-set noise. The
red line denotes the trained classification boundary using the corresponding training
data.

these 14 training classes. Open-set noise is common in scenarios where the data are

indiscriminately collected from open sources, such as automatic web search engines

(e.g., Google Images). Fig. 2.1 illustrates the differences between these two label noise

problems.
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Figure 2.2: Symmetric (left) and asymmetric (right) noisy-label transition matrices
in a classification problem containing five classes. The matrix on the left represents a
symmetric label noise with rate 60%, uniformly distributed among the incorrect classes.
The matrix on the right denotes an asymmetric label noise again with rate 60%, but
with specific probabilities among training classes.

2.1.2 Symmetric noise

Symmetric noise is arguably the simplest type of label noise, where the probability

that a label flips to any of the wrong classes follows a uniform distribution among the

wrong training classes. In practice, symmetric noise is synthetically generated using a

transition probability matrix, like the one shown in Fig. 2.2 (left), where each column

shows a categorical distribution used to label samples of each class. Such symmetric

noise happens due to encoding or transmission mistakes, and generally not because

of labeling mistakes. Despite being unrealistic, the symmetric noise is an important

benchmark for noisy-label learning evaluation.
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2.1.3 Asymmetric noise

Being firstly introduced by Blum and Mitchell [13], the asymmetric noise is a more

realistic class dependent type of noise that flips labels between similar classes. An

example of asymmetric label noise is the CIFAR10 asymmetric noisy-label benchmark

that flips semantically related labels, such as TRUCK and AUTOMOBILE, BIRD and

PLANE, or DEER and HORSE. In practice, asymmetric noise can be simulated with

a synthetic label generation using a transition probability matrix similar to the one

in Fig. 2.2 (right), where each column shows a categorical distribution used to label

samples of each class.

Similar to the symmetric noise, the asymmetric noise is still not very realistic be-

cause it purely depends on the classes, meaning that all images of a particular class

will use the same categorical distribution to synthesize their noisy labels. Note that

in real-world scenarios, we would expect certain images to be more likely to have their

labels flipped given the ambiguity displayed by the images. An example of potential

label uncertainty is depicted in Fig. 2.3, which contains an ambiguous image of a dog

(where the annotator can mislabel it) and an unambiguous image of a cat (where the

annotator is unlikely to mislabel it).

2.1.4 Instant-dependent and semantic noise

Symmetric and asymmetric noise types are instance independent, which means that

the information present in the image does not influence the labeling process. Such

instance-independent noise types may be considered unrealistic since in practice, some

images may be more ambiguous than others. For instance, recalling the example in

Fig. 2.3, notice that the image of the dog (left) can be easily confused with the image
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Figure 2.3: Example of ambiguous images of a dog (left) and an unambiguous image of
a cat (right). A human annotator will typically have more difficulty to label correctly
the ambiguous image on the left.

of a cat, but the image of the cat (right) is unlikely to be confused with an image of

a dog. Hence, instance-dependent label noise has been proposed as another type of

label noise that can better reflect the mistakes that happen in the process of labeling

images.

The representation of instance-dependent label noise is usually based on an indepen-

dent transition matrix (such as the ones in Fig. 2.2) per image. The instance-dependent

label noise can also be represented by a labeling model that takes an image in the input

and produces a label in the output, where this model is usually trained with a small

clean-labeled dataset. Such representation is usually referred to as semantic label noise

and an example of this model was proposed by Lee et al. [89], who trained DenseNet-

100, ResNet-34 and VGG-13 using 5% and 20% of CIFAR-10 and CIFAR-100 training

samples with clean labels. After training, the model was used to produce the labels of

the remaining training samples. While representing a more realistic type of noise than

symmetric or asymmetric noise types, the semantic noise is relatively impractical due

to their dependency on a small clean training set, and the fact that the trained models
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can easily overfit these small training sets.

Recently, there has been a new proposal for a model to generate synthetic instance-

dependent noise utilizing semantic correlation between training samples, as described in

Algorithm 1 [22]. This model associates each sample with a noisy class probability dis-

tribution vector instead of a transition matrix, where highly-correlated samples should

produce similar distributions. Assuming that we have a training set D = {(xn,yn)}Nn=1,

with images xn ∈ X and labels yn ∈ {1, ..., C}, the model is represented by zn = fθ(xn),

where z ∈ Z ⊂ RS represents the extracted image feature, and θ ∈ Θ is the model

parameters. In Algorithm 1 [22], after pre-training the model, the noise rate for each

instance is obtained by sampling from a normal distribution with mean ϵ and standard

deviation σ = 0.1 and truncate the result to be in [0, 1], as in qn ∼ N (ϵ, σ, [0, 1]), where

n ∈ {1, ..., N}. Subsequently, a matrix W ∈ RS×C is formed by sampling S ×C times

from a zero-mean one-standard deviation normal, where C is the number of classes and

S is the feature size. This matrix is used for generating individual noise distribution

vector for each training sample with pn = zn ×W, where pn ∈ RC . Then, we exclude

the true class from the potential label flipping choices by setting pn(yn) = −∞ and

distribute the noise rate qn over the noisy labels with pn = qn × softmax(pn), and

assign the true class with the remaining probability mass with pn(yn) = 1 − qn. The

noisy label for the nth training sample is then sampled from the categorical distribu-

tion pn. This algorithm is considered to be instance-dependent since training samples

(xi,yi), (xj,yj) with high feature embedding similarity, i.e.,
z⊤i zj

∥zi∥2∥zj∥2 ≈ 1, will have

equivalent flipping vectors since zi ×W ≈ zj ×W.

Real-world instance-dependent label noise can also be naturally present in large-

scale datasets, such as Webvision [94], Clothing1M [168], Food101 [76], Animal10N

[140], and Controlled Noisy Web Labels (CNWL) [71]. These datasets represent realis-
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Algorithm 1 Generation of instance-dependent noise process.

1: procedure NoiseGeneration(fθ(.),D = {(xn,yn)}Nn=1}, ϵ, C, S)
2: ▷ D: noisy training set ◁
3: ▷ ϵ: noise rate ◁
4: ▷ C: number of classes ◁
5: ▷ S: the size of the feature vector ◁
6: Step 1: Pretrain the model fθ(.) with D to obtain feature vector of training

samples
7: Step 2: Sample instance flip rates {qn}Nn=1 from the truncated normal distribu-

tion N (ϵ, σ = 0.1, [0, 1]);
8: Step 3: Sample W ∈ RS×C from the standard normal distribution N (0, 1);
9: for n = 1 to N do
10: Step 4: pn = zn ×W
11: ▷ Generate instance dependent probability vector with size 1× C ◁
12: Step 5: pn(yn) = −∞
13: ▷ Exclude true label from potential flipping choices ◁
14: Step 6: pn = qn × softmax(pn)
15: ▷ Make sure the flipping likelihood to wrong classes equal to qn ◁
16: Step 7: pn(yn) = 1− qn
17: ▷ Make sure the sum or probability flipping is 1 ◁
18: Step 8: Randomly choose a noisy label from the label space according to pn;
19: Step 9: return the noisy labels produced with the algorithm.

tic but challenging benchmarks because of their large size and their instance-dependent

label noise that is hard to handle. Fig. 2.4 shows examples of clean and noisy-label

samples from these real-world datasets.

2.2 Noisy-label learning methods

Many methods have aimed to address the noisy-label learning problems presented

in Section 2.1. These methods can be categorized into the following groups: noise

transition matrix [59, 125, 143], robust loss [154], [158], label cleaning [88], [182], sample

weighting [131], meta learning [50], ensemble learning [114], and mixed methods [82,
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Figure 2.4: Examples of real-world Webvision and CNWL dataset containing clean and
noisy labels.

189]. We provide the details of each approach below.

2.2.1 Noise transition matrix

This is one of the first methods [59, 104, 125, 143] devised to handle the class-dependent

asymmetric label noise. The gist of these methods involve the estimation of the noise

transition matrix, such as the ones illustrated in Fig. 2.2, used to synthesize the la-

bel noise. The idea of the noise transition matrix stems from the expansion of the
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probability of the noisy label ỹ ∈ Y given the image x ∈ X , as follows:

p(Ỹ = ỹ|X = x) =
∑
y∈Y

p(Ỹ = ỹ, Y = y|X = x)

=
∑
y∈Y

p(Ỹ = ỹ|Y = y, X = x)p(Y = y|X = x) (2.1)

where X, Y and Ỹ denote the random variables for the image, clean label and noisy

label, respectively. In (2.1), the term p(Ỹ = ỹ|Y = y, X = x) denotes the probability

transition matrix from the clean label to the noisy label, which originally is dependent

on the image, but it can also be independent of the image by assuming p(Ỹ = ỹ|Y =

y) ≈ p(Ỹ = ỹ|Y = y, X = x).

Many approaches have been developed to estimate such transition matrix. For

example, Patrini et al. [125] estimate this matrix using a pre-trained model, Hendrycks

et al. [59] calculate the transition matrix using an external clean confident set, while

Sukhbaatar and Fergus [143] estimate it based on differences produced by clean and

noisy data to form the transition matrices. The common assumption of those methods

is the independence of label noise from the corresponding image.This is , however, not

true in general since ambiguous images will have higher probability of being mis-labeled

compared to images that clearly depict the samples of a particular class. Additionally,

depending on the problem being studied, the transition matrix may be non-identifiable.

Identifiability is a property defined by Liu [104] as the capability of the model to

identify one and only one transition matrix given the training dataset, but that property

depends on certain aspects of the training set, which is a topic being currently studied in

many papers [95, 104, 165, 167, 174]. A previous transition matrix for noisy label work

Xia et al. [166] concluded that the transition matrix demands additional assumptions in
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order to be identifiable. As the result, recent transition matrix approaches are usually

based on an assumption about the availability of anchor points, which is defined as data

instance that has the probability of belonging to a specific class equal to one Liu and

Tao [103]. This assumption is reasonable in certain scenarios and has been exploited by

Liu and Tao [103]; Patrini et al. [125]). Unfortunately, this assumption does not hold in

some cases, which could lead to a incorrect transition matrix and degrade the classifier’s

performance Xia et al. [166]. Accordingly, this problem has inspired the born of many

transition matrix estimation framework without the needs of anchor points (Xia et al.

[166]; Liu and Guo [105]; Xu et al. [170]; Zhu et al. [206]). For instance, in the work of

Zhu et al. [206], the author proposes an assumption that each noisy training sample will

share similar ground-truth label with its two other nearest neighbor samples (2-NN),

and estimate the transition matrix based on that. Unfortunately, Zhu et al. [206] have

also provided empirical evidence that this assumption is not true in practice, showing

an experiment that indicates that only around 60-78% of noisy training samples satisfy

this condition.

2.2.2 Robust loss

One of the common approaches to address noisy-label problem is to make the loss

function robust to noisy labels by reducing the penalization for samples where the label

from the model does not agree with the label from the annotation. This will prevent

the training algorithm to overfit the noisy labels from the training set. In Manwani and

Sastry [111], it is shown that the 0-1 loss is more noise-tolerant than other commonly

used classification losses. The mean absolute error (MAE) loss is shown to be more

robust to noisy labels [41], as it treats all samples equally, but depending on the specific
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type of noise, it can lead to underfitting. The loss function in Ziyin et al. [207] works

by reducing the weight or removing potential noisy samples. Another example is Ma

et al. [109], which introduces a methodology to normalize any loss function to reduces

overfitting, but risks underfitting the training data.

Unfortunately, the downside of these approaches is the slow convergence and un-

derfitting. In particular, a slow-converged-but-robust loss function, while exhibiting

resilience against noisy labels, might lead to underfitting, while a fast-converged-but-

robust loss function will likely overfit noisy labels. Also, any mechanism to dynami-

cally update the type of loss over time is usually ad-hoc for specific datasets or noise

types and often demands an extensive hyperparameter-tuning to achieve reasonable

results. For instance, DivideMix [92] uses two types of loss, namely a fast-converged

cross-entropy loss for samples classified as clean and a robust mean squared error loss

for samples classified as noisy, where the robust loss Mean Square Error (MSE) loss is

weighted by a pre-defined hyper-parameter. This hyper-parameter needs to be adapted

for different benchmarks, which means that it assumes knowledge of the type and rate

of noisy label affecting the dataset. Such assumption is arguably too strong, and more

automated loss function weighting should be investigated.

2.2.3 Sample weighting

Sample weighting consists of mechanisms that aim to down-weight the loss from noisy

samples and up-weight the loss from clean samples [131, 139, 197]. These methods

require some assumptions about the characteristic of noisy samples, which are often

based on confidence score or informativeness. The most relevant sample-weighting

methods can be listed as follows. Curriculum-based methods define a weight to each
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sample based on an estimate of sample complexity [46] or on an estimate of outlier

probability [172]. A similar approach in Wang et al. [157] minimizes the influence

of noisy labels by down-weighting training samples near the prediction boundary. gIn

light of weighting training samples, CleanNet [90] takes advantages of a reference subset

and estimates the weight of training samples based on their cosine similarity distance

in feature map with reference samples, while Harutyunyan et al. [54] uses the gradient

from the last layer of the network to estimate the sample weight. These methods can,

however, only detect clean-label samples, which can be detrimental to the training

process since clean samples are usually considered to be uninformative (i.e., the cleaner

the sample, the more confident the model is about it, and the less informative it is for

model training).

2.2.4 Sample selection and noise identification

Sample selection is one of popular approaches to handle noisy label problems. For

instance, MentorNet [70] uses two networks, namely a teacher and a student networks,

with the latter being trained from samples that are likely to be clean. This model relies

on curriculum learning to schedule the selection of clean samples for training. SELF

[119] identifies noisy samples using a filtering mechanism based on a model ensemble,

but it requires a clean subset to achieve a good performance. The influential paper

by Arpit et al. [6] argues that deep neural networks tend to learn clean-label samples

faster before overfitting the noisy samples, leading to lower loss for clean samples at the

beginning of the training [19, 51]. This observation is known as the “small loss trick”,

which assumes that clean and noisy samples have significantly different distributions for

their classification losses, particularly during the first training iterations (i.e., the warm-
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Figure 2.5: Distribution of natural logarithm of the cross-entropy classification loss
values for clean-label samples (left) and noisy-label samples (right) after 30 epochs of
vanilla training with noisy-label data using a Resnet18 model on CIFAR-10 dataset
with 40% asymmetric noise.

up training stage). Despite the lack of theoretical guarantee for this observation, it has

been adopted by many works [26, 70, 92, 200], in which clean samples are estimated

based on their loss after a few epochs of vanilla training with noisy-label data. Fig. 2.5

displays an empirical distribution of loss values of the clean and noisy-label samples,

demonstrating this assumption on a synthetic label noise problem (CIFAR-10 dataset

with 40 % asymmetric noise) using a pre-trained DivideMix model [92] with a Resnet18

model. Under such heavy asymmetric noise, the difference of the loss distributions from

clean-label and noisy-label samples is significant. For instance, note that the majority

of noisy-label losses range from 2 to 6, while most clean-label samples have their losses

close to 0.

In order to detect/separate noisy-label data, Sanchez et al. [135] use a two-component

Beta Mixture Model (BMM) and train with the max-normalized loss to classify clean

and noisy-label samples. However, according to Li et al. [92], BMM can produce unde-
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sirable flat distributions and can also fail for the asymmetric noise case. Also according

to Li et al. [92], Gaussian Mixture Model (GMM)[126] is a better choice to distinguish

clean and noisy samples due to its flexibility in the sharpness of distribution.

Besides the small loss trick, several other attempts to differentiate noisy-label data

from clean-label ones have been introduced. For instance, Kim et al. [80] proposed

a mechanism to identify noisy-label samples based on the first eigenvector computed

from the feature vectors of each class. This approach exploits two assumptions: 1) the

prevalence of clean-label samples in each class, and 2) the first eigenvector from each

class’ deep feature representations summarizes the most important characteristics of

that class. Another prominent noisy-label sample identification was proposed by Kim

et al. [79], which takes into account the inherent correlation of each training sample

with its neighboring samples in the feature space. This method estimates the pseudo

label for each training sample from the prediction logits of a significant number of

neighboring samples, which are used by a MixUp operation [187] between the target

sample and its neighbors.

Once the noisy-label sample identification process has finished, the initial sample

selection approaches were designed to keep the clean-label samples for training, leaving

the remaining noisy-label samples to be trained with regularization loss [197] or robust

losses [26, 92]. Fig. 2.6 shows a traditional sample selection method, in which a GMM

is utilized to cluster training data into a pseudo clean and a pseudo noisy sets. After

that, unsupervised or semi-supervised learning [92, 200] is adopted to train with the

pseudo noisy set, while the pseudo clean set is employed to train the network weight

with cross entropy loss.
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Figure 2.6: A generic framework for sample selection with GMM.

2.2.5 Pseudo labeling

Pseudo labeling is technique for automatically generating one-hot pseudo label vector

for each training sample to guide the learning process. One of the initial approaches

for pseudo labeling is based on a simple network prediction, taking advantage of the

inherent robustness of deep neural networks at early training stages. It has been

verified empirically by Liu et al. [102] that deep learning models can learn the correct

label of noisy-label samples at the start of training phase, and only gradually get

contaminated and overfit to noisy-label signal in the subsequent phase. Hence, early

studies proposed to handle noisy-label learning exploit this attribute of deep neural

networks and predict the clean pseudo labels using a warmed-up model with early

stopping. A recent pseudo labeling approach proposed by Shi et al. [138] uses the

correlation between noisy-label samples and their clean neighbors to approximate the

samples’ clean labels. Another example of a prominent pseudo labeling work based

on the use of neighboring information is a recently published work by Iscen et al.



2.2. Noisy-label learning methods 27

[67] that presents a graph-based label propagation [67]. In this paper, the authors

represent noisy-label training samples in training set as nodes of a similarity graph and

the graph information is periodically updated to produce reliable pseudo labels. While

the methods above have shown strong results, it has been pointed out by Arazo et al.

[4] that naive pseudo labeling can degrade the model’s performance, with a problem

known as confirmation bias, where prediction errors are memorized by the network.

In meta learning, this issue is noticeable due to the usage of a single model by

traditional meta learning framework for noisy label, which we will demonstrate with

empirical evidences in Chapter 3. Moreover, label propagation is fairly expensive given

the necessity of the knowledge of deep feature representation of the whole noisy-label

training set. Each time we need to update the label, extra computational expense is

incurred by label propagation due to model inference for the whole dataset. Hence, in

the proposed methodology presented in Chapter 3, I employ pseudo labeling indirectly

by identifying noise-contaminated samples instead of letting the model fit the generated

pseudo-label. I also only use fairly simple label estimation techniques to avoid the

expensive computation in the graph propagation methods.

2.2.6 Data augmentation for noisy-label learning

Data Augmentation is a solution developed to tackle the problem of limited data avail-

ability for training deep neural networks. This methodology consists of a suite of

techniques that amass a significant amount of training data by exploiting existing avail-

able dataset. Popular image augmentation techniques includes: geometric transforma-

tions comprising simple image transformations such as flipping, cropping, rotation, and

translation; color space augmentations referring to methods that systematically ma-
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nipulate image color channels; kernel filters to sharpen or blur images; image mixing to

generate new training data from linear combinations of existing samples; and randomly

erasing parts of image.

Besides the model-independent augmentation techniques above, a few augmentation

methods that make use the deep neural networks have also been proposed recently, such

as: feature augmentation methods that manipulate the lower-dimension deep learning

embeddings from intermediate network layers [34, 85, 163], adversarial training which

exposes the weakness of the target network by identifying the minimum possible noise

injection needed to cause a misclassification with high confidence [116, 142, 184], and

data generation that produces new data samples which retain similar characteristics of

the target classes [38, 98, 129]. The combination of augmentation methods has been

introduced to solve noisy-label and semi-supervised problems. The proposed framework

presented in Chapter 3 exploits data augmentation in the training of our meta learning

approach.

2.2.7 Meta learning

Another noisy-label technique that has achieved impressive performance is based on

meta learning. In recent years, meta learning has become an important topic in the

machine learning community. This approach relies on a meta-parameter that automat-

ically weights training samples for training the model. Meta learning learns to learn

using a meta model that looks one or multiple steps ahead and automatically infers the

optimal rule for loss adjustment. Loss re-weighting with meta learning aims to assign

smaller weights to the noisy samples and greater weights to clean samples.

In previous meta learning approaches that automatically re-weight training samples
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[1, 2, 131, 139, 149, 197], we can find a common set up that requires 2 data subsets:

a small subset of data with clean labels and a large subset of noisy-label samples.

One of the first meta learning papers in noisy-label learning is Learning to Reweight

(L2W) [131], where the meta-parameter is estimated using a clean-label validation set.

This method re-weights the training samples, where the weights are updated based

on the gradient information from the loss that is minimized with respect to the clean

validation set. These meta-parameters are then used to weight training samples’ during

the model training. Fig. 2.7 shows a diagram and explanation for L2W framework -

one of the initial meta learning for noisy label approaches Ren et al. [131]. For each

mini-batch randomly sampled from the whole noisy dataset, this model estimates the

expected one-step-ahead meta model being trained with the cross entropy loss over the

mini-batch (the contribution of each noisy sample in the mini-batch is determined by a

meta weight, which is initially initialized uniformly). Subsequently, the loss of the meta

model over the validation set is estimated, and then minimize by taking derivative with

respect to the meta weight of the noisy mini-batch. Finally, the framework updates

the target model with a weight cross entropy loss using the noisy mini-batch and their

renovated meta weight.

Similarly, Zhang et al. [197] is another meta learning approach that relies on a

clean validation set, but instead of just weighting training samples, it also relabels the

training samples, allowing it to achieve state of the art performances. The work by

Shu et al. [139] also uses a meta learning approach with a clean validation set, but

they use a multi-layer perceptron to learn a sample-weighting function. Additionally,

L2LWS [32] and CWS [31] rely on a target DNN and a meta DNN. The target DNN

receives guidance from the meta DNN pre-trained on a small clean validation dataset

to re-weight training samples.
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Figure 2.7: The L2W meta learning diagram contains a model, which is the classifier,
and a meta-model, represented by the weights for the training samples. The training
sample weights are initialized to have uniform weights within a batch (1). The model
is then trained with the weighted training data using a weighted cross entropy loss (2).
Next, these weights are estimated by minimizing the meta-loss using a clean validation
set (3), which requires a second-order gradient descent (4). After updating the training
samples weights (5), we re-train the model with a weighted cross entropy loss (6). In
the figure, SGD means stochastic gradient descent.

The main issue with the methods mentioned in this section is the need of a clean

validation set, which limits the types of datasets that can be handled (e.g., clean-

label validation sets become more complicated to obtain as their number of classes

increases). In practice, because of the lack of expert labels and high annotation costs,

the clean set is much smaller compared to the noisy set. Despite that, it can still be

expensive to manually create this clean set for more complex problems with thousands

or millions of classes. A recent work that removes the need of a clean validation set is

the FSR model [196] that automatically selects a validation set based on the confidence
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Table 2.1: Test accuracy (%) of meta learning approaches on CIFAR datasets under
symmetric noise at several rates (from 0.2 to 0.8). Those masked with (T) are methods
that require a clean validation set.

Method
Clean val CIFAR10 CIFAR100

0.2 0.4 0.8 0.2 0.4 0.8

L2RT Yes 90.0 ± 0.4 86.9 ± 0.2 73.0 ± 0.8 67.1 ± 0.1 61.3 ± 2.0 35.1 ± 1.2
MWNT Yes 90.3 ± 0.6 87.5 ± 0.2 - 64.2 ± 0.3 58.6 ± 0.5 -
GDWT Yes - 88.1 ± 0.4 - - 59.8 ±1.6 -
MentorNetT Yes 92.0 ± 0.0 89.0 ± 0.0 49.0 ± 0.0 73.0 ± 0.0 68.0 ± 0.0 35.0 ± 0.0
DistillT Yes 96.2 ± 0.2 95.9 ± 0.2 93.7 ± 0.5 81.2 ± 0.7 80.2 ± 0.3 75.5± 0.2
FaMUS No - 95.3 ± 0.2 - - 76.0 ± 0.2 -
FSR No 95.1 ± 0.1 93.7 ± 0.1 82.8 ± 0.3 78.7 ± 0.2 74.2 ± 0.4 46.7 ± 0.8

gain obtained for training samples after each training epoch. However, this approach

has much lower accuracy compared to meta learning approaches that require a clean

validation set, especially in high noise rate scenarios. Table 2.1 compares the results of

previous meta learning methods over CIFAR datasets under various rates of symmetric

noise. The results in Table 2.1 shows that meta learning methods that do not rely on

a clean validation set (FSR [196] and FAMUS [171]) have inferior results compared to

methods that exploit a clean validation set Zhang et al. [197].

The inferior results by FSR [196] and FAMUS [171] are quite obvious due to the

prevalence of noise in their validation sets, which lead to confirmation bias and model

overfitting. Even though methods that depend on a clean validation set [131, 197]

show better performance, they have an severe weakness, which is that the clean subset

will not change for the whole training process. As the models get more accurate, the

increase in confidence for the validation set samples makes the set less informative for

the noisy re-weighting process. That arises a need to design a mechanism to update

the validation set periodically to further improve the training.
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2.2.8 Mixed methods

In addition to the methods presented in Section 2.2-2.2.7, there are several approaches

that rely on a combination of several techniques. One of the most influential methods

proposed in the last couple of years is DivideMix [92], which mixes semi-supervised

learning, co-teaching and sample selection based on the small-loss trick explained in

Section 2.2.4. In another interesting study Kim et al. [82], instead of forcing the

predicted labels to be closer to the potentially noisy training labels, the predicted

labels are forced to be far away from classes that are likely to be incorrect to make the

training more robust to noisy samples. These two methods , however, require longer

training times and may be negatively impacted by a large number of classes. Another

crucial method that is worth mentioning is MixUp [187], which is a data augmentation

technique that generates and trains the model using linear combinations of images and

labels from the noisy training set. Empirical results by the SOTA methods (DivideMix

[92], PropMix[26]) demonstrate that MixUp is adaptable to many models and robust

to any type of label noise. Thanks to improvements provided by MixUp [187], recent

noisy label learning approaches started to incorporate this method as an important

part of their algorithms. For example, Zhang et al. [197] propose a combination of

meta learning and MixUp, which results in a tremendous performance boost in the

majority of noisy label benchmarks.

The strengths and weaknesses of each noisy label learning method are summarized

in Table 2.2 based on adaptability (how easily this method can be integrated into new

frameworks), competitiveness (how accurate the results are in recent benchmarks),

practicality (how easily it can be implemented), and if it needs clean data. The table

shows that meta learning ticks several of the boxes, but its dependence on a clean
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Table 2.2: Advantages and disadvantages of noisy-label learning approaches. Adapt-
ability denotes the flexibility of the methods that can be integrated into any frame-
work, Competitive with SOTA denotes if the approach (by itself) can produce
state-of-the-art results in current benchmarks, Practicality represents if the method
is simple and easy to implement, Clean validation data is True if the methods re-
quire extra data.

Method Examples Adaptability
Competitive
with SOTA Practicality

Clean
data

Transition Matrix [59, 125, 143] ✓ ✓
Robust Loss [154, 158, 159] ✓ ✓
Sample Weighting [70, 131, 139, 196] ✓ ✓ ✓
Sample Selection [26, 92, 200] ✓ ✓
Meta Learning [131, 139, 197] ✓ ✓ ✓ ✓
Mixed [26, 92] ✓

validation set is a disadvantage that needs to be addressed.

2.3 Imbalanced learning

Imbalance learning is one of the most challenging problems that is widely present in

real-world datasets. This problem is characterized by a long-tailed class distribution,

where a small number of majority classes contain a large number of training samples,

and a large number of minority classes contain a small number of training samples [193].

Imbalance learning can substantially degrade the performance of trained deep neural

networks, which tend to become biased toward the majority classes, while having low

accuracy on the minority classes. According to Zhang et al. [192], imbalance learning

is characterized by the imbalance ratio that is computed with the ratio between the

number of samples in first majority class and the last minority class. To address

this problem, many imbalanced learning methods have been proposed, which can be

categorized as follows (see Fig. 2.8): class re-balancing [63, 72, 152, 156], information
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augmentation [42, 44, 62, 93, 161, 162, 173, 185], and module improvement [27, 35, 35,

45, 72, 73, 73, 99, 146, 203]. The details of each approach is described in details in the

sub-sections below.

2.3.1 Class re-balancing

Class re-balancing methods aim to “repair” the imbalance of training samples from

different classes during the training. Such objective can be achieved in three ways:

• Re-sampling: this approach randomly over-samples (ROS) the minority classes
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and randomly under-sampling (RUS) the majority classes. Some prominent ex-

amples of re-sampling for imbalanced learning were proposed by Kang et al.

[72], Zhang and Pfister [196]. Meta learning is also adopted as a part of this

branch of methodologies. For instance, Ren et al. [130] proposed the balanced

meta-softmax framework based on a meta learning mechanism that approximates

the ideal sampling rate for each class. Specifically, their methodology, which de-

mands the usage of an extra balanced validation set, involves of a bi-level opti-

mization policy to explore the best meta parameter that represents sampling ratio

for each class, and uses this meta parameter for cross entropy training. Neverthe-

less, for datasets with large imbalance ratio, ROS can overfit the minority classes

and RUS can underfit the majority classes, which are problems that have been

mitigated by recently proposed re-sampling approaches, such as class-balanced

re-sampling [152, 156] and scheme-oriented sampling [78, 203].

• Cost-sensitive learning: these approaches consist of adjusting the loss function ac-

cording to the class imbalance ratio of the training set. Recent studies follow two

strategies, including class-level re-weighting [29, 97] and class-level re-margining

[28, 39]. Intuitively, class-level re-weighting approaches weight the training sam-

ple’s contribution in a class-wise manner, in which the most common class-level

re-weighting strategies [29, 97] simply use label frequencies of training samples

as the contribution factor in the final loss. In contrast, class-level re-margining

[28, 39] aim to tackle the class imbalance problem by modifying the minimal dis-

tance between the deep representative features of each class with respect to the

frequency of such classes in the dataset. For instance, label-distribution-aware

margin (LDAM) [15] framework attempts to enforce minority class representa-
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tion vectors to have larger margins with respect to the classification boundary.

However, these loss modification approaches are usually class-dependent. Hence,

these methods may underestimate or overestimate the imbalance ratio when deal-

ing with noisy-label and imbalanced learning.

• Logit adjustment: this strategy [63, 148] targets the artificial adjustment of log-

its based on class sample distributions with the goal of minimizing the average

per-class error [192]. Unfortunately, similar to cost-sensitive learning, logit ad-

justment also needs a clean dataset to reliably estimate the class imbalance ratio.

2.3.2 Information augmentation

Information augmentation adds extra information to train the model in order to im-

prove the performance for imbalanced learning problems. Following Zhang et al. [192],

methods following this idea can be categorized into:

• Transfer learning: approaches that transfer the information from a source domain

to enhance model performance on a target domain. In the context of imbalanced

learning, there are four different strategies for transfer learning, including self-

training [161, 162], model pre-training [42, 173], head-to-tail knowledge transfer

[24, 151] and knowledge distillation [44, 62].

• Data augmentation: these methods explore augmentation techniques to generate

a large amount of extra data to boost the size and quality of input for model

training. Currently among previous augmentation-based works that attempt to

combat class imbalanced problem, there are two prominent strategies, namely:

transfer-based augmentation [58, 161, 186] and the classic non-transfer augmen-
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tation [93, 185]. Transfer-based augmentation targets the minimization of differ-

ences between the majority and minority classes by augmenting model training,

since there exist traits shown by the majority classes, but may not be shown

by the minority classes. For instance, FTL [178] has shown that majority class

samples have bigger intra-class variance compared to minority class samples.

Inspired by this observation, they address the imbalanced-learning problem by

minimizing such variance differences between the majority and minority classes,

leading to significantly better performance for the minority classes. Non-transfer

augmentation simply utilizes a combination of traditional image augmentation

techniques to address imbalanced-learning problems. According to Zhong et al.

[202], MixUp [187] has proven to be able to alleviate the over-confidence problem

caused by imbalanced-learning. Additionally, according to their empirical results,

representation learning for imbalanced data also benefits greatly from MixUp.

Overall, both transfer learning and data augmentation have demonstrated impres-

sive results for imbalanced learning problems. However, a weakness of this approach

is that not only it requires considerable extra computational cost but also complicates

the framework. In fact, transfer learning requires either high cost for self-training

[58, 161], sensitive hyper-parameter tuning, or complicated framework design [56, 60]

for knowledge transfer and knowledge distillation.

2.3.3 Module improvement

The last category of imbalanced learning methods is called module improvement, which

can be sub-divided into four approaches:

• Representation learning: methods that aim to improve the feature representa-
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tion of training samples [27, 35] with metric learning [35, 73], sequential train-

ing [123, 201], prototype learning [106, 205], and transfer learning [100, 173]. In

general, such representations are learned by approximating the representations

of training samples belonging to the same class, and separating the represen-

tations of samples from different classes. Additionally, according to [200], this

family of methods has proven to be effective for the noisy-label learning problem

as well. The main drawback of this approach is the overhead for learning the

representation.

• Classifier design: new classifiers have been proposed for imbalanced learning, such

as the causal classifier [146] that aims to keep the positive causal effect (defined

as the beneficial factor contributing to the stabilization of gradients and model

convergence acceleration), while eliminating the negative causal effect (i.e., the

accumulated gradient from imbalanced learning that degrade the model’s per-

formance for the minority classes). Another example for this family of methods

is the GIST classifier [99] which seeks to bridge the gap between the geometric

representations of majority and minorities classes.

• Decoupled training: this technique takes advantage of both classifier design and

representation learning by optimizing the representation of training samples, as

well as classifier design [72, 74]. This method assumes that the balance in the

feature representation space makes significant contribution to combat imbalanced

data. Hence, a k-positive contrastive loss is proposed and integrated to the

framework to train the sample feature space to be more class-discriminative,

leading to a better classification performance [72, 73].

• Ensemble learning: these methods systematically attempt to produce and gener-
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ate a combination of multiple models to create a robust framework against im-

balanced learning problems. BBN [203] consists of a 2-branch model, taking ad-

vantages of a classic target branch and a supporting branch for data re-balancing

that mitigates the negative influence of imbalanced learning. Inspired by BBN,

LTML [45] comprises another bilateral-branch model designed for an imbalanced

multi-label classification problem, which maintains the logit consistency between

the predictions from the two branches.

2.4 Active learning and its application for meta

learning

Active learning is a technique developed to allow the training of models using a small

training set, where the model is originally trained with few samples, and at each it-

eration, the algorithm selects the most informative sample to be labeled for the next

round of training [132, 136]. Overall, active learning approaches can be divided into

three categories: membership query synthesis [3, 83], stream-based selective sampling

[30, 117], and pool-based active selection [55, 91]. Membership query synthesis com-

prises methods where the models can request the labeling of any unlabeled sample,

including the sample generated by the model, stream-based selective sampling makes

independent decisions to label each sample sequentially selected from the dataset, and

pool-based active selection chooses the best sample to label based on some criterion

from a small pool of instances that has been randomly extracted from the dataset.

Fig. 2.9 illustrates the differences and general ideas of each active learning selection

mechanism.
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There have been significant efforts by the community for the development of active

sample selection methods. Some noteworthy approaches are uncertainty-based methods

[9, 91, 137] which select samples that the model is least likely to be certain, diversity-

based approaches [12, 47], which choose samples to maximize diversity measures, and

expected model change strategies [40, 133] that select samples that produce the most

significant update to model weight. In addition, many works have also attempted to

find a balance between uncertainty and diversity of samples [7, 177], resulting in hybrid

strategies.

There have been many attempts to incorporate active learning with deep learning

to reduce annotation cost, as deep learning models are known to be data hungry. A key

difference between deep active learning and active learning approaches lies in the batch

based sampling query. Classic active learning approaches select informative sample

one by one, e.g., [65] uses a Bayesian network to determine the complexity of samples.

However, this leads to highly informative but similar samples, leading to a sub-optimal

batch informativeness. Hence, in [84], the authors propose BatchBALD as an extension
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from [65] to maximize informativeness of each batch by removing duplicate information

within samples. It is important to note that the sample selection that we used to include

samples in the validation set suffers from a similar problem, where samples with high

informativeness tend to be similar to one another, so in our formulation Eq. (3.9), I

also study the diversity of informative samples.

For meta learning methods, I am not aware of previous attempts that try to use

active selection techniques to automatically build validation sets based on label clean-

liness and sample informativeness. Unlike traditional active learning methodologies

that rely on a pre-determined objective function representing the informativeness of

training samples, meta learning has a dynamic definition of validation set utility that

depends on label cleanliness and sample informativeness at the current meta-training

stage. As there is no prior works exploring beneficial characteristics for the meta val-

idation samples, it is even harder to identify mutual and redundant characteristics

between samples from the same validation set like BatchBALD. Moreover, the valida-

tion set of meta learning algorithms is required to be balanced and fairly small, which

can challenge even more our active selection approach. All of these hurdles are the

main reasons why the active selection of validation samples for meta learning is still

an open-research problem.

2.5 Self-supervised learning

Self-supervised learning is a family of methodologies designed to provide good model

initialization [69, 200]. These methods use a massive amount of unlabeled training

data to pre-train large deep learning models that can then be effectively transferred

to downstream tasks [20, 21, 57]. Self-supervised learning methods can be classified
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into three dominant categories: generative learning, contrastive learning and combined

methods that explore adversarial learning. Generative learning deploys an encoder and

a decoder, in which given an input image, the encoder outputs a representation vector

that is used by the decoder to reconstruct the input image [134, 150, 169]. Contrastive

learning uses an encoder to build a representation from an input image and formulate

a similarity measure that is maximized for representations of the different views of

the same image and minimized for different images [49, 200]. The hybrid generative-

contrastive methods uses a discriminator to minimize the discrepancy between original

samples and the generated fake samples from a trained encoder-decoder model [5, 43,

128]. Fig. 2.10 shows a summary of the three self-supervised learning techniques in

Fig. 2.10.

Among these methods, contrastive learning has been adopted recently to address the
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noisy-label problem and has shown promising results. Such robustness to noisy labels

is achieved with the learning of representations that are less prone to effectively overfit

to noisy-label samples. Some prominent methods that utilized contrastive learning for

noisy-label learning are C2D[200] and MOIT [122].

2.6 Conclusion

This chapter has discussed the noisy label and imbalanced-learning problems in detail,

highlighting the advantages and disadvantages of currently available approaches for

these two problems. In particular, I have reviewed meta learning, pseudo labeling,

self-supervised learning, data-augmentation, active learning and noise identification

methods. I have analyzed the current limitations of these approaches and discussed

the current knowledge gaps in the field. I have also motivated my proposed method

to address these limitations and gaps in current knowledge. The literature review of

several methods that are closely related to our approach and that are important in the

development of the proposed approach is also included in this chapter. In the next

chapter we present the main contribution of this thesis, which is a method that defines

a new utility criteria to automatically build the validation set in meta learning methods

without resorting to any manual labeling.





Chapter 3

Validation Set Utility Maximization

in Noisy-label meta learning

In this chapter I present the main contribution of this thesis. Among previously pro-

posed methods to address the problem of imbalanced learning and noisy-label learning,

meta learning has proven to be one of the most effective approaches. However, the con-

ventional meta learning usually requires a clean validation set of balanced-distributed

samples, which relies on manual labeling process. Not only this process is expensive,

it may also be infeasible in many scenarios due to data scarcity or security problems.

Additionally, a randomly selected validation set not only scales poorly with the num-

ber of classes, but may be sub-optimal for meta learning. In this Chapter, I present

a novel heuristic to optimize the utility of the clean validation set for the meta learn-

ing framework. The heuristic is formulated based on an analysis of the meta learning

optimization and consists of three factors: sample informativeness, data cleanliness

and balanced distribution. I achieve significant boost in performance over previous

meta learning works and other imbalanced learning and noisy-label learning methods

45
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on various benchmarks.

3.1 Introduction

In Chapter 2, I have discussed the noisy-label learning and imbalanced learning prob-

lems. Overall, the proposals to address these problems can be divided into several cate-

gories: robust loss functions [154, 159], label cleaning [68, 183], meta learning [53, 131],

ensemble learning [113], and other methods [81, 190]. Among these approaches, meta

learning has shown state-of-the-art performance when using training data that is heav-

ily contaminated with label noise. meta learning is a bi-level optimization methodology

that traditionally requires a clean and balanced validation set to optimize the meta

parameters. The first attempts to formulate meta learning for noisy-label learning in-

cluded a validation set that consists of randomly selected samples. Such validation set

could lead to potentially sub-optimal performance [131, 139, 197] because that set is

not guaranteed to be informative and may be too small for meta learning. As a result,

this issue has motivated the design of ad-hoc methods to automatically build good val-

idation set [171, 196]. However, these approaches have not demonstrated competitive

results, especially in high noise-rate scenarios. A reasonable explanation for this issue

is related to the limitations of their proposed heuristics [171, 196], which takes into

account balanced distribution and label cleanliness but ignores the informativeness of

the validation samples.

I propose a new imbalanced noisy-label meta learning (INOLML) method that au-

tomatically builds a validation set with high utility for the meta learning optimization.

Such high utility validation set is characterized by samples with high informativeness,

high probability of having clean labels, and well-balanced class distribution. The es-
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Figure 3.1: A sketch that illustrates the phases of the INOLML algorithm: 1) filtering
of the initial noisy training set D to divide it into two disjoint sets, including a pseudo
clean set D(c) and a pseudo noisy set D(n); 2) building the training set D(t) and the
validation set D(v), extracted from D(c), consisting of samples that are balanced and
informative (from a meta learning perspective) and with a high prospect of being
annotated with clean annotations; and 3) meta learning using D(t) and D(v). Each
training iteration runs through these three steps.

sential contribution of INOLML is the new definition of validation set utility motivated

by the bi-level objective function of meta learning algorithms. The proposed method,

depicted in Fig. 3.1, consists of an iterative 3-step approach, namely: 1) pseudo-clean

sample detection and robust labeling from the noisy training set; 2) validation set for-

mation from the pseudo-clean samples from step (1), using the proposed utility criteria;

and 3) meta learning using the validation set from step (2). The main contributions of

the proposed method can be summarized as follows:

• A new method to build the meta learning validation set by maximizing its utility

in terms of sample informativeness, class distribution balance, and label correct-

ness;

• An innovative meta learning algorithm (Fig. 3.1), comprising these steps: 1)

detection and robust labeling of pseudo-clean samples from the noisy training

set; 2) formation of the validation set using the proposed utility criteria; and 3)
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meta learning using the validation set from step (2).

With the technical contributions above, the evaluation of the proposed method shows

significant improvements over previous meta learning approaches on imbalanced noisy-

label learning benchmarks. In balanced noisy-label benchmarks, the proposed method

is competitive or better than the state-of-the-art.

3.2 Background

In this section, I briefly describe a few related meta learning methods that have also

attempted to solve the problem of automatically building a validation set, and their

potential drawbacks. Then, I review the literature on the mixed problem of imbalanced

learning and noisy-label learning.

3.2.1 Noisy-label and meta learning

In order to achieve competitive performance, the clean validation set plays a vital

role in meta learning mechanisms for noisy-label learning. Traditionally, classic meta

learning frameworks, such as L2W[131] and MetaWeight Net[139], find a random subset

of the original training set to be annotated to form the validation set. However, not

only such process can incur considerable collection and annotation costs, but they also

may not select the most informative validation set for the meta learning optimization.

Additionally, the generalization of the model can be damaged because such manually-

curated validation is fixed for the whole training process. Despite the issues listed

above, we are not aware of any previous works that inquire into the utility of validation

sets for meta learning methods.
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Until recently, there have been several attempts to innovate the meta learning

models such that the manual formation of the meta learning validation set is no longer

necessary. For instance, Zhang and Pfister [196] proposed a meta learning approach to

re-weight noisy-label training samples using a validation set automatically extracted

from the original noisy dataset. Inspired by DivideMix [92], their method exploits the

small loss trick to identify a pseudo clean set to form the validation set, which is iter-

atively updated during training. However, this approach can suffer from confirmation

bias, where the same samples are repeatedly selected to build the validation set. To

alleviate this confirmation bias issue, the FSR model [196] also incorporates co-training

that relies on two separate models, where each model’s pseudo clean set is used as the

validation set for the other model. Another noteworthy method that aims to remove

the necessity of manually acquired validation samples is FAMUS [171], which relies

on a pseudo-clean set sampled from the noisy-label training data to form the valida-

tion set. The methods above have been shown to be competitive with traditional meta

learning models that require a manual validation set. Unfortunately, they only consider

sample cleanliness as the sole criteria to form the validation set, which may result in a

sub-optimal guidance for meta learning. Fig. 3.2 outlines the difference in framework

design between our proposed INOLML and its main competitors methods, FSR and

FAMUS.

3.2.2 Noisy-label and imbalanced learning

Most methods mentioned in Chapter 2 tried to address the noisy-label problem and

the imbalanced-learning problem separately. In fact, most methodologies have been

proposed for noisy-label learning, but they may fail when being tested on the com-
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Figure 3.2: Comparison between FSR, FAMUS and our proposed INOLML.

bined problem that also contains imbalanced learning. In practice, meta learning has

shown to be one of the few methods designed to handle both problems. Since meta

learning models work with a balanced and clean validation set, their final target is

the optimization of a model that is in principle robust to noisy labels and data imbal-

ances. However, this theoretical design has not been empirically verified by most meta

learning methods, with the exception of FSR [196]. This combined problem has been

investigated by non meta learning approaches [16, 75, 162], but they fail to achieve

competitive results compared to recently proposed meta learning approaches.

3.3 Methods

Initially, I define the whole noisy training set as D = {(xi,yi)}|D|
i=1, where xi ∈ X ⊆

RH×W×R denotes an image of size H × W pixels and R colour channels, and yi ∈
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Y = {v : v ∈ {0, 1}C and
∑C

k=1 v(k) = 1} is the noisy one-hot encoding of label

and C is the number of classes [64]. I represent our target classification model as

fθ : X → ∆C−1 parameterized by θ ∈ Θ, with the C − 1 probability simplex ∆C−1 =

{p : p ∈ [0, 1]C and
∑C

k=1 p(k) = 1}.

The proposed algorithm (INOLML) optimizes a bi-level objective function taking

advantage of a meta parameter called ω = {ωi}|D
(t)|

i=1 (ωi ≥ 0) that represents the

training samples’ contribution in the cross entropy loss based on their informativeness,

balanced class distribution and label cleanliness. Additionally, I use another meta

parameter λ = {λi}|D
(t)|

i=1 (λi ∈ [0, 1]) that weights the the deep model prediction to

form the pseudo label for the noisy training data, as in ŷi(λi) = λiyi + (1− λi)fθ(xi).

This meta parameter has a binary value of 0 or 1, denoting whether the pseudo label

is from the model’s prediction or the training label. My meta learning objective is

defined as:

ω∗, λ∗ = argmin
ω,λ

1

|D(v)|
∑

(xj ,yj)∈D(v)

ℓ(v) (xj,yj; θ
∗ (ω, λ))

s.t.: θ∗(ω, λ) = argmin
θ

1

|D(t)|
∑

(xi,yi)∈D(t)

ωi ℓ
(t) (xi, ŷ(λi); θ) , (3.1)

where ℓ(v)(xj,yj; θ
∗(ω, λ)) = ℓCE(yj, fθ∗(ω,λ)(xj)) is the cross-entropy (CE) loss, and

ℓ(t) (xi, ŷ(λi); θ) is defined below in (3.13). The proposed validation set is defined as:

D(v) = MaxUtility
(
D(c)

)
, (3.2)

where

D(c) = PseudoCleanDetector (D) . (3.3)
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The function MaxUtility(.) in (3.2) generates the validation set D(v) and training set

D(t) as defined in Section 3.3.1, with D(t) ∩ D(v) = ∅ and D(t) ∪ D(v) = D, and D(v)

being the final validation set with informative samples that our algorithm selects for

the meta learning optimization in (3.1).

Initially, the pseudo-clean set at the first training iteration is estimated from fθ(.)

trained with early-stopping. A subset of low CE loss samples [52, 92] is extracted from

the noisy training set D by the function PseudoCleanDetector(.), taking advantage of

their given noisy labels in D and the predictions by fθ(.). The left out samples from

D forms the noisy set D(n), with D(c) ∩ D(n) = ∅ and D(c) ∪ D(n) = D. This step

is periodically executed throughout the training process to keep the validation set

informative and meaningful. Below, we describe how to select the validation set by

maximizing its utility in terms of informativeness, label cleanliness and class balance.

3.3.1 Maximizing the Utility of the Validation Set

My idea for the optimization of the utility of the validation set is inspired by the bi-

level meta learning mechanism for noisy label in (3.1), which consists of the following

two stages. First, I take an approximation of the optimized model parameter θ∗(ω, λ)

with an stochastic gradient descent (SGD) step on the training set D(t), with each step

defined by:

θ̂(ω, λ) = θ(ω, λ)− ηθ∇θ

 1

|D(t)|
∑

(xi,yi)∈D(t)

ωi ℓ
(t)(xi, ŷi(λi); θ)

∣∣∣∣∣∣
θ=θ(ω,λ)

. (3.4)
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Subsequently, the meta parameters in the upper optimization formula, ω and λ, are

estimated by a single SGD step on the validation set D(v). For ω, we have:

ω∗
i = max

0,− ηω
|D(v)|

∑
(xj ,yj)∈D(v)

∂

∂ωi

ℓ(v)(xj,yj; θ
∗(ω, λ))

∣∣∣∣
ωi=0

 , (3.5)

where λ is updated according to (3.12), defined later in this chapter. The hyper-

parameter ω, denoting the training sample importance, is determined by the magnitude

of its gradient with respect to the cross entropy loss over the clean and informative

validation set if the gradient has positive value, otherwise the framework concludes

that it is a noisy or uninformative sample, hence setting the value of ω to 0. The value

of ω is then normalized to have sum equal to 1. After that, I integrate the estimated

meta-parameters into the lower-level optimization of (3.1) and carry out a gradient

descent step to update the target model.

From [131], using a multiple layer perceptron (MPL) network, the gradient of the

meta model loss w.r.t. ω is:

∑
(xj ,yj)∈D(v)

∂

∂ωi

ℓ(v)(xj,yj; θ
∗(ω, λ))

∣∣∣∣
ωi=0

∝ −
∑

(xj ,yj)∈D(v)

L∑
l=1

(z
(v)
j,l−1

⊤
z
(t)
i,l−1)(g

(v)
j,l

⊤
g
(t)
i,l ),

(3.6)
in which I define z

(v)
j,l−1 as the deep feature output for validation image xj corresponding

to the l(th) layer of the deep model (similarly for the deep feature z
(t)
i,l−1 of the training

image xi). In addition, g
(v)
j,l denotes the gradient from the l(th) layer of the model for

the validation sample xj (the same thing applied for the gradient g
(t)
i,l of training image

xi). Therefore, the training sample weight is predominantly determined by the dot

product, or the similarity between its deep feature representation and gradient with

other samples in the validation set. As a result, any training sample with high feature
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Figure 3.3: Similarity score between each pair of classes from training data from clean
validation data on a CIFAR10 with 0.4 symmetric noise.

and gradient similarity with at least one of the validation samples from the same class

will be rewarded for the cross entropy loss; otherwise, that sample’s weight will be

penalized in the final loss.

I carry out a simple experiment to analyze the correlation between validation sam-

ples with the training sample weight. Firstly, I initially trained a DivideMix model [92]

on the noisy CIFAR10 dataset with 0.4 uniform noise rate. After that, I randomly se-

lected 100 noisy-label training samples and 10 clean validation samples. Subsequently,
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the DivideMix model is utilized to calculate the contribution ratio in the final weight

for each class among the noisy training samples. As shown in Fig. 3.4, we can see

that for each training sample, the major contribution to its weight originated from

validation samples that belong to the same class. This is due to the low feature sim-

ilarity of training data between different classes in the well-trained DivideMix model,

making the similarity of each training sample with validation data from other classes

close to zero. Fig. 3.3 proves this claim by demonstrating the corresponding of feature

similarity magnitude between each couple of classes between training data and vali-

dation, in which the similarity magnitude between samples from different classes are

usually insignificant compared to samples from the same class. Therefore, since meta

learning with noisy-label data originated from an idea of up-weighting clean samples

and down-weighting noisy sample, an optimized validation set is advantageous if it can

maximize the weight of clean training samples (which also minimizes the contribution

of noisy training samples since the sum of weight for each mini batch is normalized to

1). This observation is crucial to my proposal for the validation set formation.

Following this idea, I propose the following 2-stage technique to optimize the valida-

tion set: 1) construct a pseudo-clean set from the training set with candidate validation

samples, and 2) form a balanced validation set from the candidate samples by identi-

fying samples that maximize the sum in (3.6). The objective heuristic for building a

validation set D(v) ⊂ D(c) can be characterized as:

D(v) = arg max
D̂(v)⊂D̃(v)

|D̂(v)|=M×C

Clean
(
D̂(v),D(c)

)

s.t.: D̃(v) = arg max
D̄(v)⊂D(c)

|D̄(v)|=K×C

Info
(
D̄(v),D(c)

)
. (3.7)
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The function Info(.) in the lower-level of (3.7) is defined as:

Info(D̄(v),D(c)) =
∑

(xi,yi)∈D(c)\D̄(v)

max
(xj ,yj)∈D̄(v)

yj=yi

ι(xi,xj), (3.8)

with

ι(xi,xj) =
L∑
l=1

(z⊤j,l−1zi,l−1)(g
⊤
j,lgi,l), (3.9)

in which I denote zj,l−1, gj,l as respectively the deep feature input of xj to layer lth and

the validation image gradient of layer l from xj (same for zi,l−1 and gi,l from xi). It is

noteworthy that ι(.) in (3.9) from (3.6) represents the weight contributed to training

sample (xi,yi) by the validation sample (xj,yj), or the amount of “information” that

training sample (xi,yi) and validation sample (xj,yj) share.

Intuitively, the essence of the lower-level summation in (3.7) is the formation of a

balanced validation set D̃(v) by maximizing the maximum shared “information” be-

tween the pseudo-clean samples from D(c) \ D̃(v) and any validation sample in D̃(v).

Note that the maximum is maximized instead of the average “information” shared

between training samples and validation samples in order to ensure the diversity of

the validation set. The maximization of the shared “information” that each training

sample can get with one of the validation samples can also guarantee that any training

data get downweighted or upweighted by at least one of the clean validation samples.

We illustrate this idea in Fig. 3.5.

If the whole clean validation set using the utility “information content” in (3.8)

is optimized, the final validation set will contain samples with nearly duplicate infor-

mation given that many neighboring samples can maximize such utility during the

validation sample selection. On the other hand, by gradually identifying validation
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Figure 3.4: Contribution of the training sample weight for each training class from
clean validation samples for all classes on a CIFAR10 with 0.4 symmetric noise.

samples that optimize the maximization gains in each step, I can greedily select a bal-

anced and diverse subset with little information duplication among samples. Also, it is

intuitive that the validation set optimization leads to an improvement in the prediction

quality of the clean training samples that have high similarity with validation samples

since deep neural network tends to produce similar results for similar input samples,

and similar training samples are more likely to have similar ground-truth labels.

Note that while the informativeness of the validation set is important, it is also
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Figure 3.5: Difference between the optimization of the average (or sum) of ”information
content” (left figure) and the maximization of the maximum ”information content”
(figure on the right) using a 3-class classification problem, with the likelihood of each
class represented by ellipsoids of different colors. Selecting a validation sample that
maximizes ω in Eq. (3.6) leads to a validation set containing nearly duplicate data
(figure on the left), while selecting them one by one by optimizing Eq. (3.8) generates
a more diverse validation set (right hand side).

necessary to ensure the cleanliness of samples. The samples in D̃(v) are not completely

clean since D(c) is not guaranteed to be noise-free and at the same time, the function

Info(.) can reward samples in D̃(v) that have low logit scores and large gradients. There-

fore, despite prioritizing informativeness samples over clean ones, reducing label noise

rate in the validation set is also valuable. An intuitive observation from our analysis

indicates that the probability of samples from D̃(v) to be clean is proportional to the

similarity magnitude they have with other samples of the same class. Hence, originated

from the similarity between the sample of interest and other samples of the same class

in D(c), I define an heuristic to mitigate the noise ratio of the selected validation ,

defined as follows:

Clean
(
D̂(v),D(c)

)
=

∑
(xj ,yj)∈D̂(v)

(xi,yi)∈D(c)\D̂(v)

yi=yj

∑L
l=1

(
z⊤j,l−1zi,l−1

)
. (3.10)
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To guarantee a balanced class distribution for D(v), I add a constraint that selects

M samples for each of the C classes with M ≪ K, as shown in the upper-level of (3.7).

Both the combinatorial optimizations in (3.7) are solved with greedy strategies,

where I loop through each class and select K samples per class that maximize the lower

objective function, followed by sequentially selecting M samples among the previous

set of K samples for each class by optimizing the upper objective function. In practice,

I initially limit the potential candidates to only the upper half of the samples that

maximize the sum of the utility in (3.8), before gradually identifying samples that

maximize the upper objective function of (3.7). If there exists multiple candidates

that either give us the same value for the upper objective function when adding them

to our validation set, or none of the available samples can boost the value of our

upper objective function, then among those candidate samples, we select the ones that

maximize the lower objective function formula. Fig. 3.6 summarizes step-by-step the

proposed methodology to find the clean validation set.

Also, I simplify the calculation of gradient in (3.6) and the optimization in (3.7)

by using only on the last layer L of the model because, according to [196], the weights

of training samples in meta learning depend mostly on the last layer of the model.

Fig. 3.7 shows the magnitude of gradient by some of the last layers of a deep neural

network model. Based on the graph, the gradient magnitude of the last layers tend

to be larger than for other layers. This is due to the chain rule of gradient descent

that reduces the gradient magnitude. Hence, instead of using the formula in (3.9) for

weight estimation, I use a simplified version that uses only the contribution from the

final fully connected layer, as in:

ι(xi,xj) = (z⊤j,L−1zi,L−1)(g
⊤
j,Lgi,L). (3.11)
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Figure 3.6: Summary of the process of building the validation set. MAL denotes our
moving average label consistence test, in which training samples that fail the test will
be included in the noisy training set while among training samples that passed the
inspection, 200 of them will be randomly sampled to be candidates for the new vali-
dation set optimization. The training samples that are not selected for the validation
set will be grouped with the noisy training set.

Another reason that explains the motivation of using only the last layer in the

computation of (3.11) is the large memory complexity involved in using all network

layers. For instance, around K = 200 candidate samples per class are typically needed

for D̃(v), which is later trimmed to M = 10 to form D(v) (e.g., for CIFAR100, 200

samples per class are required, so for 100 classes we will need 20000 samples for the

candidate set). For each of these samples, we need to infer their deep feature repre-

sentation and gradient from the deep neural network, at every layer, for our validation

set optimization. Consequently, even if we use a small Resnet18 with around 11× 106

parameters, a massive amount of space of up to (2 × 104) × (11 × 106) floating point

numbers is necessary for storing this information, which is very expensive and generally

intractable.

Fig. 3.8 visualizes changes in the validation set during training using a toy example

built from clusters generated by three different Gaussian models representing three
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Figure 3.7: Magnitude of gradients from some of the last layers of a deep neural
network.

classes in the feature space. In this experiment, samples with large gradient magnitude

are selected, so informative samples will have high probability to be selected. At

the beginning of the training, a randomly initialized model can only generate random

outputs for all training inputs. Thus, “easy” samples (i.e., data that are easily identified

by the models at the center of the clusters) will be selected for the validation set since

they have high similarity with samples of the same class. As the training progresses, the

model gets better predictions, where informative samples will gradually be represented

by low confidence samples located at the boundary between classes. Intuitively, the
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Figure 3.8: Selected samples to be included in the validation set at the beginning (left
graph) and the end (right graph) of the training.

validation samples at later training stages can identify the boundaries between classes.

3.3.2 Training Procedure

We depict our 3-step methodology in Fig. 3.1. The methods starts with the pseudo-

clean label detector (step 1), followed by the maximization of the validation set utility

(step 2), and finishes with the meta learning optimization based on (3.1) with the loss

ℓ(.) defined in [197].

Similar to ω, the second meta parameter λ∗ in (3.1) is estimated with a single

gradient descend, except that λ∗ exploits the gradient directly with [197]:

λ∗
i =

sign
 ∑

(xj ,yj)∈D(v)

∂

∂λi

ℓ(v)(xj,yj; θ
∗(ω, λ))


+

, (3.12)

with ℓ(v)(xj,yj; θ
∗(ω, λ)) being previously defined in (3.1). Once we finish the estima-

tion of ω∗ and λ∗, the lower formula of (3.1) is optimized with SGD to estimate the
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model parameter with the following loss function [197]:

ℓ(t)(xi,yi; θ) =ω∗
i ℓCE(ŷi(λ0), fθ(xi)) +

1

B
ℓCE(y

∗
i (λ

∗
i ), fθ(xi))+

p× ℓCE(y
β
i , fθ(x

β
i )) + k × ℓKL(fθ(xi), fθ(Augment(xi))), (3.13)

where ŷi(λ0) represents the pseudo-label incorporated with λ0 from (3.1). The value of

hyperparameter λ0 is kept fixed with a value of 0.9, while p and k are hyper-parameters

for the contribution of the MixUp loss utilizing unlabeled and labeled samples, while B

is the batch size. Additionally, the final pseudo label y∗
i (λ

∗
i ) for cross-entropy training is

defined as y∗
i (λ

∗
i ) = yi, if λ

∗
i > 0; otherwise y∗

i (λ
∗
i ) = fθ(xi), y

β
i and xβ

i are respectively

the MixUp labels and images obtained when we employ a mixup linear combination

operator [187] between samples in the training, their augmentation set D(t)
a and the

validation set as follows:

xβ
i = Mixβ(xa,xb), (3.14)

yβ
i = Mixβ(ya,yb), (3.15)

with (xa,ya), (xb,yb) ∈ D(t) ∪ D(t)
a ∪ D(v), (3.16)

We also adopted the Kullback-Leibler (KL) divergence [87] in (3.13) for the regular-

ization between the model output for training image xi and its data augmentation

Augment(xi).

The quality of the meta learning optimization depends on the actual (hidden) pro-

portion of clean samples in the pseudo clean set D(c), while the efficiency depends on

the size of D(c). Hence, to reduce computational cost, the selection of the validation

set in (3.7) uses the subset D̃(c) = {(xi,yi) : (xi,yi) ∈ D(c) ∧ argmaxk∈{1,...,C} yi(k) =
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argmaxk∈{1,...,C} ỹi(k)} instead of the whole pseudo clean set D(c). This subset com-

prises N randomly-sampled images (xi,yi) for each class belonging to D(c) that can

maintain the consistency between their noisy annotation yi and the corresponding

moving average robust label, defined as the average model response over the last E

epochs:

ỹi = κỹi + (1− κ)
1

E

E∑
e=1

fθ(xi), (3.17)

where κ ∈ [0, 1] is a hyper-parameter. So for example, using CIFAR10, which has 50K

training samples, with 40% symmetric noise, our validation set optimization will be

expensive if the potential candidates can come from the whole D(c) since the inference

from the model will be needed for around 30K samples.Instead of that, if we set N =

200, a random subset of size 200 × C with C being the number of classes, will be

extracted from D(c) as a simplified representation for D(c). Since CIFAR10 has 10

classes, we are only required to obtain inferences for around 2000 training samples,

which is less then 10% of the 30K samples above. Additionally, we only consider the

samples inD(c) that have consistent noisy labels and moving average labels. The details

of the training process are in Algorithm 2.

3.4 Results

3.4.1 Datasets

For the experiments, we utilize common datasets for noisy label benchmarks, including

both synthetic and real-world label noise, including: CIFAR10, CIFAR100, CNWL and

Webvision. CIFAR10 and CIFAR100 [86] are medium-size datasets with 50K images

for training and 10K images for testing. The training images for both datasets are of
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Algorithm 2 Training procedure of the proposed INOLML.

1: procedure Training(D, η, T , T̃ , T (u), η̃, κ,N,M,K,C)
2: ▷ D: noisy training set, {ηt}Tt : learning rates ◁
3: ▷ T : total number of iterations ◁
4: ▷ T̃ : minimum number of iterations before updating the moving average robust

labels ◁
5: ▷ T (u): interval between updates ◁
6: ▷ η̃: learning rate threshold ◁
7: ▷ κ,N,M,K,C: hyper-parameters ◁
8: Warmup fθ(.) with ℓCE(.) from D
9: D(c) = PseudoCleanDetector (D) using (3.3)

10: Initialise moving average robust label {ỹi}|D
(c)|

i=1 of samples in D(c)

11: Initialise D(v) and D(t) from D(c) using (3.7)
12: Reinitialize fθ(.)
13: for t = 1 to T do
14: Meta-learn to train θ, ω and λ using (3.1)

15: if (t > T̃ ) and (ηt < η̃) then

16: Update {ỹi}|D
(c)|

i=1 of samples in D(c)

17: if ηt = 0 then
18: D(c) = PseudoCleanDetector (D) from (3.3)
19: if t mod T (u) = 0 then
20: Update D(v) and D(t) from D(c) (3.7)
21: return the trained model parameter θ

size 32× 32 pixels, and have labels belonging to 10 or 100 classes, respectively.

Webvision [94] is a large scale dataset of 2.4 million images obtained from crawling

Google and Flickr, where each image has size 224 × 224 pixels and is annotated with

a noisy label belonging to one of the 1,000 classes from ImageNet [33]. This dataset is

more challenging than CIFAR, not only due to its larger size and number of classes,

but also because of class imbalance and real-world noisy labels. This benchmark uses

a subset of Webvision containing the first 50 classes to construct the new Webvision

mini dataset. The CNWL [71] dataset has around 50K training images and 5K testing

images belonging to ones of 100 classes.
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The noise rates of the datasets above range from 0 to 0.8.

3.4.2 Implementation Details

The hyperparameters for our method as well as the network architecture are the same

as the base meta learning framework Distill [197]. Similarly to Distill [197], we also

use of the cosine learning rate decay with warm restarting [107] and SGD optimizer.

For CIFAR datasets with synthetic noise, we use two different architecture as the base

model: the big model WideResnet28-10 and a smaller model Resnet29, for fair compar-

ison with [197]. However, with CIFAR synthetic imbalanced setting scenarios, we use

the Resnet32 architecture in order to compare with FAMUS [171]. For the real-world

dataset Webvision, we follow FSR [196] and run a single Resnet50 model as the base

framework for Webvision, while for CNWL, we adopted the PreAct Resnet18, follow-

ing previous works [26, 122] on this benchmark. The batch size for all benchmarks,

except Webvision, is 100, while we use a batch size of 16 for Webvision due to the

bigger volume of input images. In terms of the number of iterations, we use 1 mil-

lions iterations, 100 thousand iterations, and 150 thousand iterations for Webvision,

CIFAR10/CIFAR100 and CNWL experiments .

The experiment results are reported in terms of the prediction accuracy of on their

corresponding testing sets. We compare our method with several existing state-of-the-

art (SOTA) meta learning methods, including FaMUS [171], FSR [196], Meta Weight

Net [139], Distill [197], GDW [18], L2R[131]. Additionally, we also provide the result

of SOTA non meta learning noisy-label learning approaches, such as Divide Mix [92],

CausalNL [175], NPC [8], MentorMix [71], MentorNet [70], MOIT [122], GJS [37],

CRUST [115], Co-teaching [52], Iterative-CV [19], HAR [16], D2L [108], PENCIL [176]
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Table 3.1: Test accuracy (%) of our INOLML and previous methods for symmetric
noise. Methods with T represent meta learning methods that need clean validation
sets. The lower block contains meta learning methods, while the upper block shows
SOTA methods.

Method
CIFAR10 CIFAR100

0.2 0.4 0.8 0.2 0.4 0.8

GJS 95.3 ± 0.2 93.6 ± 0.2 79.1 ± 0.3 78.1 ± 0.3 75.7 ± 0.3 44.5 ± 0.5
DivideMix 95.7 ± 0.0 - 92.9 ± 0.0 76.9 ± 0.0 - 59.6 ± 0.0
CRUST 91.1 ± 0.2 89.2 ± 0.2 58.3 ± 1.8 - - -
PENCIL - - - 73.9 ± 0.3 69.1 ± 0.6 -
ELR 92.1 ± 0.4 91.4 ± 0.2 80.7 ± 0.6 74.7 ± 0.3 68.4 ± 0.4 30.2 ± 0.8
CausalNL + NPC 81.2 ± 0.0 - 18.8 ± 0.0 - - -

DistillT 96.2 ± 0.2 95.9 ± 0.2 93.7 ± 0.5 81.2 ± 0.7 80.2 ± 0.3 75.5± 0.2
MentorNetT 92.0 ± 0.0 89.0 ± 0.0 49.0 ± 0.0 73.0 ± 0.0 68.0 ± 0.0 35.0 ± 0.0
L2RT 90.0 ± 0.4 86.9 ± 0.2 73.0 ± 0.8 67.1 ± 0.1 61.3 ± 2.0 35.1 ± 1.2
MWNT 90.3 ± 0.6 87.5 ± 0.2 - 64.2 ± 0.3 58.6 ± 0.5 -
GDWT - 88.1 ± 0.4 - - 59.8 ±1.6 -
FaMUS - 95.3 ± 0.2 - - 76.0 ± 0.2 -
FSR 95.1 ± 0.1 93.7 ± 0.1 82.8 ± 0.3 78.7 ± 0.2 74.2 ± 0.4 46.7 ± 0.8

INOLML 96.9± 0.1 96.6± 0.1 95.0± 0.2 82.0± 0.2 81.3± 0.2 74.7±0.1

and ELR [102]. For imbalanced data contaminated with noise experiments, we include

some recent prominent noisy-label imbalanced learning methods to compare with, in-

cluding ROLT [162], FSR [196], LDAM [15], BBN [203], HAR [16], and CRUST [115].

3.4.3 Symmetric Noise

We display the performance of our model and other methods, including meta learning

approaches and recent non meta learning SOTA methods, on CIFAR10 and CIFAR100

datasets with synthetic symmetric noise benchmarks in Table 3.1. Following other

methods, we use noise rates from 20% to 80%. Previous approaches that require a

clean validation set is indicated with T.

Overall, our proposed INOLML demonstrates significant boost in performance com-
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pared to all previous methods, in the majority of benchmarks. The only exception is

CIFAR100 with 80% noise, where Distill shows better results mostly because it has

access to a large clean validation set, containing 10 images per class. In large noise

rate problems, such as this one with 80% noise, our validation set gets severely contam-

inated, making the model vulnerable to the accumulated noisy-labels in the validation

set. Fig. 3.9a shows the issue that for 80% symmetric noise ratio, the noisy-label sam-

ples consist of a considerable part (20% to 45%) of the validation set, which results

in the deterioration of our approach’s efficacy. Additional experiments with various

validation set sizes ranging from 1 to 10 samples per class is carried out and shown in

Table 3.2. Based on the results shown in this table, our method has achieved significant

improvement, outperforming the Distill model with by 1% to 3% in most scenarios.

In summary, all symmetric noise experiments show empirical evidence that our

proposed utility to build the validation set can be beneficial for the meta learning

process. Additionally, the results indicate the supremacy of our method even under

high noise rate scenarios, despite the presence of noise in the validation set. Moreover,

our proposed heuristic has set new SOTA results on most symmetric noise benchmarks

for CIFAR10 and CIFAR100 datasets, compared to methods that do not need clean

validation set, outperforming them by remarkable margins.

3.4.4 Asymmetric Noise

Similar to symmetric noise, we also compared our method’s performance for asymmetric

noise benchmarks with other existing meta learning and non meta learning SOTA

models. However,we only use a single noise ratio of 0.4, in which the result is displayed

in Tables 3.3 and 3.4. From Table 3.3, we can see the comparison in test accuracy
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Table 3.2: Test accuracy (in %) comparison between our method (INOLML) and the
Distill model (DN) on symmetric noise (rates of 20%, 40% and 80%) using 1, 5 and
10 samples per class in the validation set on two backbone models: Resnet29 (RN29)
and Wideresnet28-10 (WRN). The results of the Distill model with WideResnet28-10
are collected from [197]. Recall that the Distill needs a clean validation set, while our
INOLML works with an automatically built validation set.

Method
Val. Set

size

Dataset
CIFAR10 CIFAR100

0.2 0.4 0.8 0.2 0.4 0.8

DN-RN29
1

87.0 ± 0.5 85.3 ± 0.5 FAIL 58.9 ± 0.5 55.8 ± 0.7 FAIL
INOLML-RN29 90.3 ± 0.2 89.1 ± 0.5 79.1 ± 0.3 65.9 ± 0.2 61.5 ± 0.2 55.1 ± 0.1

DN-RN29
5

90.7 ± 0.3 89.0 ± 0.3 83.5 ± 0.2 62.6 ± 0.4 58.8 ± 0.5 48.5 ± 0.5
INOLML-RN29 90.9 ± 0.2 90.9 ± 0.1 87.4 ± 0.2 66.6 ± 0.1 65.7 ± 0.1 59.0 ± 0.5

DN-RN29
10

91.0 ± 0.2 89.2 ± 0.1 87.0 ± 0.1 63.7 ± 0.2 60.5 ± 0.2 57.5 ± 0.5
INOLML-RN29 92.2 ± 0.1 91.0 ± 0.1 87.9 ± 0.2 67.1 ± 0.1 66.3 ± 0.1 59.2 ± 0.2

DN-WRN
1

95.4 ± 0.6 94.5 ± 1.0 87.9 ± 5.1 77.4 ± 0.4 75.5 ± 1.1 62.1 ± 1.2
INOLML-WRN 96.0 ± 0.2 95.9 ± 0.2 94.3 ± 0.2 81.6 ± 0.2 79.5 ± 0.2 73.6 ± 0.3

DN-WRN
5

96.4 ± 0.0 95.5 ± 0.6 91.8 ± 3.0 80.4 ± 0.5 79.6 ± 0.3 73.6 ± 1.5
INOLML-WRN 96.4 ± 0.1 96.2 ± 0.1 94.6 ± 0.2 82.2 ± 0.2 81.5 ± 0.2 74.5 ± 0.2

DN-WRN
10

96.2 ± 0.2 95.9 ± 0.2 93.7 ± 0.5 81.2 ± 0.7 80.2 ± 0.3 75.5± 0.2
INOLML-WRN 96.9± 0.1 96.6± 0.1 95.0± 0.2 82.0± 0.2 81.3± 0.2 74.7 ± 0.1

between our INOLML and Distill given various validation set sizes of 1, 5 or 10 sample

per class, while the results in Table 3.4 show our model’s performance compared to

other non meta learning SOTA models. Even though INOLML does not need clean

validation data, the model still attains promising performance, which is significantly

better than Distill’s, especially for low capacity models such as Resnet29 or when

the validation set is small (e.g., 1 sample per class). Unfortunately, similarly to the

symmetric noise benchmark, INOLML produces slightly lower test accuracy than Distill

when it has large validation sets (e.g., 5 or more sample per class) and architectures

with larger capacity. This decrease in performance is due to the noise present in our

pseudo-clean validation set. Unlike the random noise setting above, asymmetric noise
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Table 3.3: Test accuracy (%) of our INOLML and previous methods on CIFAR10
with 0.4 asymmetric noise. Comparison with Distill using a validation set D(v) of sizes
1, 5 and 10 samples per class on Resnet29 and WideResnet28-10. The superscript T

indicates the need for clean validation sets.

Method
∣∣D(v)

∣∣ Resnet29 WRN28-10

DistillT
1× C

76.8 ± 2.9 93.2 ± 0.2
INOLML 86.8 ± 0.9 93.6 ± 0.3

DistillT
5× C

86.7 ± 0.5 94.5 ± 0.2
INOLML 89.3 ± 0.2 94.1 ± 0.1

DistillT
10× C

88.6 ± 0.7 94.9± 0.1
INOLML 89.8± 0.3 94.2 ± 0.1

Table 3.4: Test accuracy (%) of our INOLML and previous methods on CIFAR10 with
0.4 asymmetric noise. The superscript T indicates the need for clean validation sets.

Method Accuracy

GJS 89.7 ± 0.4
F-Correction 83.6 ± 0.3
PENCIL 91.2 ± 0.0
DivideMix 92.1 ± 0.0
MLNT 92.3 ± 0.1
CausalNL 74.8 ± 0.0

L2RT 90.8 ± 0.3
FSR 93.6 ± 0.3
INOLML 94.2± 0.1

only flips labels between a few classes that are highly correlated, making the model

more prone to overfitting. Moreover, Table 3.3 also shows that larger architectures

(e.g., WideResnet28) are more likely to fit label noisy patterns more easily due to

their higher memorization capacity. Overall, our INOLML shows better performance

compared to SOTA methods, such as MLNT, FSR and DivideMix in Table 3.4.
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Table 3.5: Test accuracy (%) of our INOLML and previous SOTA methods for instance-
dependent noise.

Method
CIFAR10 CIFAR100

0.2 0.3 0.4 0.2 0.3 0.4

Decoupling 78.71 75.17 61.73 36.53 30.93 27.85
kMEIDTM 92.26 90.73 85.94 69.16 66.76 63.46
Co-teaching 80.96 78.56 73.41 37.96 33.43 28.04
DivideMix 94.80 94.60 94.53 77.07 76.33 70.80
CausalNL 81.79 80.75 77.98 - - -
MentorNet 81.03 77.22 71.83 38.91 34.23 31.89
HOC 90.03 - 85.49 68.82 - 62.29
CAL 92.01 - 84.96 69.11 - 63.17
T-Revision 76.15 70.36 64.09 37.24 36.54 27.23
Reweight 76.23 70.12 62.58 36.73 31.91 28.39
PTD-R-V 76.58 72.77 59.50 65.33 64.56 59.73

INOLML 96.53 96.46 96.40 81.62 81.09 80.51

3.4.5 Instance-dependent Noise

Another important benchmark recently is the instance-dependent noise that we have

defined in Chapter 2. This category of noise theoretically is more realistic and challeng-

ing. Following recent state-of-the-art methods in this benchmark recent, we generate

the instance-dependent noise according to Algorithm 1 on CIFAR10 and CIFAR100

datasets, provide and compare the result between our methods and other SOTA ap-

proaches in meta learning, as well as recent non meta learning SOTA methods. For

fair with other methods, we use a noise rate from 0.2 to 0.4 and record the result

as the average performance of 3 independent runs for each benchmark. The result is

demonstrated in Table 3.5.

In summary, INOLML displays considerable advancement in performance compared

to all previous methods across the majority of benchmarks. Our methods surpassed the

results of both recent meta and non-meta learning SOTA frameworks by a significant
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margin.

Additionally, similar to uniform noise, we run further experiments considering dif-

ferent validation set sizes ranging from 1 to 10 samples per class. The results of this

experiments utilize the small base network Resnet29 and is demonstrated in Table 3.6.

From the performance displayed in Table 3.6, despite showing slightly improvement

when the validation set size is large, our INOLML is significantly more consistent in

performance, even under extremely small validation set size (1 sample per class). The

gap in performance between our methods and the Distill Noise framework is increased

under higher noise ratio as well as smaller validation set, with a difference of 0.5% to

3% in most scenarios.

Table 3.6: Test accuracy (in %) comparison between our method (INOLML) and the
Distill model (DN) on instance-dependent noise (rates of 20% and 40% ) using 1, 5 and
10 samples per class in the validation set on Resnet29 model as the backbone framework
(RN29). We note that Distill needs a clean validation set, while our INOLML demands
the manual acquisition of an extra clean validation set.

Method
Val. Set

size

Dataset

CIFAR10 CIFAR100

0.2 0.4 0.2 0.4

DN-RN29
1

86.6 ± 1.0 85.0 ± 1.0 58.9 ± 0.5 55.8 ± 0.7
INOLML-RN29 89.5 ± 0.3 87.2 ± 0.6 61.3 ± 1.0 59.9 ± 0.8

DN-RN29
5

90.2 ± 0.1 88.2 ± 0.2 62.3± 0.3 59.9 ± 0.5
INOLML-RN29 91.3 ± 0.1 90.3 ± 0.2 64.9 ± 1.0 63.4 ± 0.5

DN-RN29
10

91.0 ± 0.1 90.0 ± 0.2 63.1± 2.0 62.5 ± 0.5
INOLML-RN29 91.6 ± 0.1 90.5 ± 0.3 65.5 ± 1.0 63.7 ± 0.5

Overall, all empirical evidences point out that meta learning frameworks benefit

greatly from our utility criteria to build the validation set for addressing instance-

dependence noise problems. Our results are better than the current state-of-the-art by
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Figure 3.9: Accuracy of the clean validation set D(v) as training progresses evaluated
on different noise benchmarks.

a margin of at least 2% on every instance-dependent noise benchmark. Moreover, unlike

our initial prediction that the meta learning frameworks may suffer from confirmation

bias with noise in the validation set, our model shows consistency in performance, with

a slightly decrease of 0.5%-1% when we increase the noise rate. Please note that we

still hold the advantage of memory complexity and model practicality thanks to oour

single model design in comparison to popular SOTA co-training approaches such as

DivideMix[92] or Co-teaching [51] that require two models.

3.4.6 Semantic Noise

One of the hardest synthetic noise type that has been used as benchmark by previous

method is semantic noise. This family of noise takes advantage of a weak deep neural

network to generate noisy samples, by utilizing the network’s predictions as the new

labeller for all training samples after warmed up the network with a subset of the

original training data, according to Lee et al. [89]. These data samples with new labels
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are subsequently exploited for training on another target model. As the new labels

depict the class that the network are prone to fit, wrong annotations generated by such

a way can trick the deep neural network, making the model less robust to label noise.

In order to investigate our method’s performance in combating this type of noise, we

generate semantic noise on CIFAR10 and CIFAR100, with a noise ratio of 31% and

37% respectively. We also run experiments with validation sets of various sizes (1, 5

and 10 samples per class), and compare our method with the Distill baseline model.

Table 3.7 displays the result of our method in comparison with Distill.

Table 3.7: Test accuracy (in %) comparison between our method (INOLML) and
the Distill model (DN) on semantic noise (rates of 31% for CIFAR10 and 37% for
CIFAR100) using 1, 5 and 10 samples per class in the validation set on Resnet29
(RN29) and WideResnet28-10(WRN) model as the backbone frameworks. The results
are recorded by taking the average performance of 3 independent runs.

Method Val. Set size
Dataset

CIFAR10 CIFAR100

0.31 0.37

DN-RN29
1

82.1 66.6
INOLML-RN29 85.3 87.6

DN-RN29
5

88.0 73.0
INOLML-RN29 87.0 73.0

DN-RN29
10

88.3 73.7
INOLML-RN29 87.0 73.1

Unfortunately, unlike other noise benchmark, our method fails to improve the

model’s performance with bigger size of the validation set (5-10 samples per class).

While INOLML still can demonstrate improvement with a validation set of 1 sample

per class by a significant margin (3-6%), the model witness a considerable drop in per-

formance when we increase the size of validation set. This phenomenon indicates the
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overfitting issues that our method has when we raise the learning speed of the model

by expanding the validation set. As our method’s selected validation data can contain

semantic noise samples (which is prone to overfitting due to semantic noise generation

process can produce the noisy labels that can trick the neural networks), this leads to

the confirmation biased problem if we utilize such a noisy validation set to guide the

model.

3.4.7 Imbalanced Learning

Table 3.8 provides the comparison in performance between our proposed INOLML and

several recent meta learning methods when evaluated over imbalanced benchmarks,

including MWN [139], FSR [196], FAMUS [171], GDW [18] and L2W [131]. We follow

the same setting as FSR [196] since they are one of a few recent meta learning methods

without any clean validation data. The results reported in Table 3.8 shows that our

INOLML is the current SOTA for meta learning approaches with improvements of 1%

to 10% on all benchmarks. Interestingly, the results demonstrate that our proposed

informativeness criteria to built the validation set remains effective even when the

dataset does not have label noise. This suggests that our selected validation samples

are capable of not only addressing noisy data, but also suitably weighting the clean

samples according to their informativeness.

3.4.8 Imbalanced Noisy-label Learning

Our proposed INOLML is one of a few methods that addresses both imbalanced learn-

ing and noisy-label learning. Following the experimental setting of FSR, we present

results on the long-tailed CIFAR datasets with 0.2 to 0.4 symmetric noise rate and
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Table 3.8: Test accuracy (%) of our INOLML and other SOTA meta learning ap-
proaches evaluated on the CIFAR imbalanced learning (long-tailed) recognition task.
The reported results are from Xu et al. [171], Zhang and Pfister [196].

CIFAR10 CIFAR100

Imb. ratio 200 50 10 200 50 10

Softmax 65.68 74.81 86.39 34.84 43.85 55.71
CB-Focal 65.29 76.71 86.66 32.62 44.32 55.78
CB-Best 68.89 79.27 87.49 36.23 45.32 57.99

L2R 66.51 78.93 85.19 33.38 44.44 53.73
MWN 68.91 80.06 87.84 37.91 46.74 58.46
GDW - - 86.8 - - 56.8
FaMUS - 83.32 87.90 - 49.93 59.03
FSR-DF 66.15 79.78 88.15 36.74 44.43 55.60
FSR 67.76 79.17 87.40 35.44 42.57 55.45
INOLML 74.91 84.43 90.81 41.52 51.35 62.07

imbalance ratios 10, 50 and 200. Table 3.9 shows the superiority of our INOLML

compared to previous methods that attempt to solve this problem, particularly with

noise rate 0.4. Unlike CIFAR10, with CIFAR100, we cannot show results with large

imbalance ratios (> 10) because that does not leave enough samples for training and

validation. For instance, as CIFAR100 contains a total of 50K samples for 100 classes,

on average each class has 500 samples. An imbalance ratio of 50 or above will reduce the

availability of the minority class to just 10 samples, which is not enough for the extrac-

tion of the training data and the validation set, especially when it contains symmetric

noise. Nevertheless, based on the results in Table 3.9, on both CIFAR100 benchmarks,

our method shows substantially better results compared to previous SOTA methods.

Therefore, INOLML has become the new SOTA in most benchmarks for the imbalanced

and noisy label learning problem with Resnet32.
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Table 3.9: Test accuracy (%) of INOLML and other SOTA methods on CIFAR10 and
CIFAR100 imbalanced learning mixed with symmetric noise. The reported results are
from [196] and [162].

Dataset CIFAR10 CIFAR100

Noise ratio 0.2 0.4 0.2 0.4

Imb. ratio 10 50 200 10 50 200 10 10

CRUST 65.7 41.5 34.3 59.5 32.4 28.8 - -
LDAM 82.4 - - 71.4 - - 48.1 36.7
LDAM-DRW 83.7 - - 74.9 - - 50.4 39.4
BBN 80.4 - - 70.0 - - 47.9 35.2
HAR-DRW 82.4 - - 77.4 - - 46.2 37.4
ROLT-DRW 85.5 - - 82.0 - - 52.4 46.3
FSR 85.7 77.4 65.5 81.6 69.8 49.5 - -
INOLML 90.1 80.1 66.6 89.1 78.1 61.6 59.8 56.1

3.4.9 Open-set Noise

Unlike other types of noise, the open-set noise refers to the presence of training images

that do not belong to any of the training classes. Following [89], we try our method

on three benchmarks that artificially create open set noise in CIFAR10 by mixing into

it samples from CIFAR100 and ImageNet. For comparison, we include the results

of all the methods in the Distill paper [197] and other meta learning methods [125,

131, 196]. The results are shown in Table 3.10. In general, INOLML shows the best

results in all cases, being around 0.5-1% higher when compared with Distill. This is a

remarkable result, considering the contamination of the validation set D(v) (up to 40%)

as training progresses, which is shown in Fig. 3.9b. Note that the increase in noise rate

in the validation set during training is reasonable because our approach prioritizes

informative samples over clean samples to form the validation set. Accordingly, at the

start of the training, the framework selects clean samples for the validation set as they

have high similarity with samples from the same classes, combined with their high
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Table 3.10: Test accuracy (%) of INOLML and previous methods in open-set noise
using WideResnet28-10 with 10 samples per class for validation.

Method ImageNet CIFAR100 BOTH

RoG [125] 83.4 87.1 84.4
L2R [131] 81.8 81.8 85.0
Distill [197] 94.0 92.3 93.0
INOLML 94.5± 0.1 93.6± 0.0 93.6± 0.1

gradient magnitude because the model is still not well-trained. However, as training

progresses, the model starts to converge and the gradient magnitude of clean samples

gets smaller, so the algorithm starts to identify “harder” samples, leading to a decrease

in the accuracy of our validation set. Unexpectedly, the results for open set noise

contrasts with our previous analysis for 0.8 symmetric noise, in which the degradation

in performance occurs when just 30% of the validation set is noisy (see Table 3.1),

while for open set noise, INOLML still fares well with around 40% noise rate in the

validation set. This performance suggests that since noisy samples in open-set noisy-

label datasets belong to unknown classes, a validation set with open set noise has lower

risk of memorizing the label noise patterns compared to other types of noise, such as

symmetric noise. In fact, such open-set noise can have a regularization effect, leading

to an overall better performance.

3.4.10 Real-world Datasets

Finally, we present the results of our INOLML on real-world datasets and compare

its performance with other other SOTA approaches. All of the compared methods,

excluding HAR [16] that uses InceptionResnetV2, report the results using Resnet50 on

Webvision benchmark in Table 3.11. Additionally, the results of four different noise
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Table 3.11: Prediction accuracy (%) on real-world datasets. Webvision with Resnet50,
evaluated on Webvision and ImageNet test sets. The results of other methods are from
[26, 196] or from original papers.

Method
Webvision ImageNet

top-1 top-5 top-1 top-5

HAR 75.5 90.7 57.4 82.4
D2L 62.7 84.0 57.8 81.4
Co-teaching 63.6 85.2 61.5 84.7
Iterative-CV 65.2 85.3 61.6 85.0
MentorNet 63.0 81.4 63.8 85.8
CRUST 72.4 89.6 67.4 87.8
GJS 78.0 90.6 74.4 91.2
MW-Net 74.5 88.9 72.6 88.8
FSR 74.9 88.2 72.3 87.2
INOLML 81.7 93.8 78.1 92.9

rates evaluated on CNWL dataset (Red Mini-ImageNet) is also provided in Table 3.12.

In both cases our methods once again demonstrate the SOTA performance, on Webvi-

sion and most of Red Mini-ImageNet settings. For Webvision, we achieved considerable

improvement by at least 6% for top-1 accuracy and around 5% improvement on top-5

benchmarks, while for CNWL dataset our framework demonstrates equivalent perfor-

mance as MOIT model, as well as a clean margin by at least 2% when compared to

other benchmarks. Considering that we only use a single PreAct Resnet18 model with

meta learning, our INOLML provides another advantage in terms of memory footprint

compared to Co-training methods such as DivideMix [92], Co-teaching [51].

3.5 Discussion

In this section, we take a closer look into the optimization in (3.7) and discuss the

ablation results. In our optimization in (3.7), our lower-level objective finds validation
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Table 3.12: Prediction accuracy (%) on the Red Mini-ImageNet dataset. The results
of other methods are from [26, 196] or from original papers.

Method
Noise ratio

0.2 0.4 0.6 0.8

CE 47.36 42.70 37.30 29.76
Mix Up 49.10 46.40 40.58 33.58
DivideMix 50.96 46.72 43.14 34.50
MentorMix 51.02 47.14 43.80 33.46
PropMix 61.24 56.22 52.84 43.42
MOIT 63.14 60.78 - 45.88
FaMUS 51.42 48.06 45.10 35.50
INOLML 63.23 58.21 53.39 45.32

samples that can maximize the training sample weights in (3.6), followed by determin-

ing from them samples that can maximize the maximum shared information with the

training samples. While the first step is intuitive since it optimizes the same target

as the meta learning framework, the second step’s effectiveness remains questionable

despite our clarification about its necessity in Section 3.3. Hence, in Table 3.13, we

put forward an ablation study that analyses this factor with an experiment that re-

places Info(.) in (3.7) with the average of weight in (3.6). The role and influence of

Clean(.) in (3.7) is also explored by another experiment that leaves out the upper-level

objective of (3.7) and only optimizes the lower-level objective. We conduct these two

experiments on CIFAR10 and CIFAR100 under 0.4 asymmetric noise and 0.2 symmet-

ric noise, combined with imbalanced ratios of 10,20 and 50. Based on the result, each

proposed components plays a nontrivial role in improving the model’s performance.

Naively selecting samples that maximize (3.6) will result in a validation set with near

duplicate information as they optimize the same objective. Therefore, our proposed

second step addresses this problem by refining the selected samples for the validation
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Table 3.13: Test accuracy (%) on CIFAR10 and CIFAR100 under asymmetric and
imbalanced noisy-label problems, where IR denotes the imbalance ratio. The 1st row
shows the results of the optimization of the average of weight (col. Average Weight
in (3.6)) instead of (3.7). The 2nd row shows the results of optimizing the lower part
of (3.7) (col. Info(.) Only) without the upper part of (3.7) Clean(.). The last row
(Whole (3.7)) shows our final model result.

Average
Weight in (3.6)

Info(.)
Only

Equation
(3.7)

0.4 Asymmetric 0.2 Symmetric

CIFAR10 CIFAR10

WRN RN29 RN32 RN32 RN32
IR=1 IR=1 IR=10 IR=50 IR=200

✓ 91.0 56.6 68.8 37.6 23.4
✓ 92.1 89.3 89.0 79.1 65.9

✓ 94.1 89.8 90.1 80.1 66.6

set to be more diverse, such that every training sample gets benefits from at least a

single validation sample of same class. Furthermore, samples that optimize (3.6) have

a high risk to be noisy since they have high gradient magnitude. This can lead to

confirmation bias if the model overfits such noisy data in the validation set. Hence,

Clean(.) is proposed to limit the noise in the clean validation set, and has proven to be

effective by raising the performance by 0.7% to 2% in Table 3.13.

Subsequently, we compare the utility of INOLML’s validation set, compared with

forming the validation set using random sampling and using samples with the highest

classification confidence. The results are presented in Fig. 3.10. Our method displays

significantly better test accuracy compared to the other two heuristics for building

the validation set, where selecting validation samples based on their confidence score

produces the worst result, as that leads to a clean but biased set of samples with near

duplicate information.

The next analysis focuses on influence of letting the model fit past validation sam-

ples. Traditionally, previous meta learning approaches always keep the training set
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Table 3.14: Comparison in result of INOLML between using full training data and
using a separate subset of training data for validation data sampling under symmetric
noise with ratio 0.4 and 0.8 over CIFAR10 and CIFAR100 dataset

Method
Accuracy

CIFAR10 CIFAR100

0.4 0.8 0.4 0.8

Full data 91.0 87.9 66.3 59.2
Separate train/val 89.0 83.6 63.1 56.3

and the validation set separate, while our method iteratively extracts part of the train-

ing set as the new validation set. While previous works, e.g., [131], argue that this

non-separation of the training and validation sets can aggravate the confirmation bias

problem during training, we run an experiment to test this issue. We design this ex-

periment by modifying our INOLML, with a division of the noisy training set into two

separate training and candidate validation sets at the start of the training, followed

by a periodic extraction of the validation set from the initial separate validation set.

The experiments show a drop of 2% in accuracy, on average, using such separate val-

idation set, displayed in Table 3.14. The reason for this decrease in performance can

be explained by the reduction in the number of training samples, as well as the limit

in potential candidates for validation samples.

Additionally, since our INOLML is proposed with the goal of maximizing ω for clean

and informative training samples, we conduct further analysis to track the change in the

weight ω as training progresses, with and without our methods. Fig. 3.11 demonstrates

the tendency of the mean value of ω (labeled as mean weight in the graph) for the clean

samples (the left chart) and the noisy ones (the right chart), using CIFAR-10 dataset

with 0.8 symmetric noise. From the chart, it is noticeable that our INOLML (blue

curve) generates higher overall weight for clean data and lower weight for noisy data,
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Figure 3.11: Mean ω given the training iterations, for the selected clean (left side) and
noisy (right side) samples using our validation set selection (blue curves) compared to
a random validation selection ( orange curves) on CIFAR-10 with 0.8 symmetric noise.

compared to classic meta learning framework which randomly selects validation samples

(orange curve), thus empirically proving the usefulness of our utility.

The last discussion point is the time efficiency of the proposed INOLML method.

For the experiment with CIFAR10, contaminated with symmetric noise, the Distill

model takes around 5 and 29 hours for training the Resnet29 and WideResnet28-10

models, respectively. On the other hand, the combination of our method and the

Distill requires a slightly higher training time of approximately 5.5 hours for Renset29

model and 31 hours for WideResnet28-10. In summary, INOLML generates an running
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time overhead of around 10% to run the validation set optimization at the start of

each epoch. All the experiments are conducted on a single NVIDIA V100 GPU. In

addition, we also provide the execution time of several recent noisy label learning

models. For fair comparison with those approaches, we also run our INOLML using

the same PreAct Resnet18 model on 0.4 uniform noise CIFAR100 dataset, using a single

V100 GPU. Overall, DivideMix [92] requires around 8.25 hours to finish, CausalNL[175]

takes around 12.5h while MOIT [122] needs 8h. Our methods’s training lasts around

10.5h, suggesting a competitive running time, compared with other approaches.

3.6 Conclusions

In this work, we have proposed a novel meta learning method, called INOLML, that

improves the efficacy of traditional meta learning methods by automatically and pro-

gressively producing a pseudo clean validation set from the whole noisy training set.

The selection mechanism is based on a new utility criteria that exploits feature and gra-

dient similarities between training and validation samples that takes into account three

major factors: sample informativeness, class distribution balance, and label cleanliness.

Compared to prior meta learning frameworks, our proposed algorithm does not require

a clean validation set, like traditional models such as L2W [131]. INOLML has shown

to be more robust to high label noise rates and to achieve SOTA performance on several

synthetic and real-world benchmarks. In particular, we set the new SOTA performance

in Webvision, CNWL both with real-world noise), and CIFAR10/100 (with synthetic

noise), including open-set noise, long-tailed and symmetric label noise. However de-

spite above advantages, our method still has several weaknesses. Firstly, since it is

a single model framework, it can suffer from confirmation bias due to the presence of
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noisy samples in the validation set. In order to tackle this problem, we plan to integrate

the co-training framework with our meta learning in the future.

Additionally, the greedy solution for our bi-label optimization to generate the val-

idation set in (3.7) does not guarantee that the validation set is optimal. Also, the

bi-level optimization increases the complexity of the algorithm. Therefore, the pro-

posed methods can still be improved in two ways: we can reduce the model complexity

by simplifying the bi-level optimization to a single-level optimization, or we can also

replace the greedy strategy with a relaxation method. Moreover, the validation set

optimization that happens once per epoch, may not be good enough to keep the vali-

dation set up to date with the model’s status. Ideally, we should be able to address this

problem by updating it more frequently, as long as we can do this at a relatively low

computational cost. Lastly, we still lack a theoretical analysis for INOLML utility’s

influence over the meta learning model’s performance. Such analysis will be explored

in the future.





Chapter 4

Conclusion and Discussion

This thesis has introduced a novel meta learning algorithm designed to address noisy-

label and imbalanced learning problems. My main contribution in the implementation

of this new algorithm was a new optimization to automatically build validation sets for

meta learning approaches based on innovative criteria that consist of label cleanliness,

sample informativeness, and balanced distribution for the validation samples.

More specifically, I proposed a novel validation set optimization to strengthen the

effectiveness of the validation set for the meta learning algorithm designed for noisy-

label and imbalanced learning problems. The validation set optimization worked by

selecting validation samples that will maximize the weights of the training set for the

meta learning method. The motivation for this optimization stemmed from theoreti-

cal observations about the factors that contribute for the informativeness of validation

data in the meta learning framework. I also observed that optimizing only for informa-

tiveness can reduce sample diversity in the validation set. Thus, I included a term to

increase diversity and another term to balance class distribution to improve robustness

to imbalanced learning. In contrast, previous meta learning approaches did not take

87
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into account any of these points and randomly select samples to be manually annotated

and included in a validation set. As shown in this thesis, such random selection of val-

idation samples is linked to poor training outcomes and potentially high annotation

costs, depending on the number of classes and validation samples per class. Results

on imbalanced noisy-label benchmarks demonstrated that the proposed model showed

remarkable and promising results over previous meta learning methods, noisy-label

learning methods and imbalanced learning methods.

4.1 Limitations and future work

There are many important points that remain to be studied for the method proposed

in this thesis. The first one is the optimization of the validation set, which although

showing to be effective in general, it is unable to differentiate “hard” clean samples from

noisy-label samples because both sample types share similar similarity and gradient

magnitude values. Such differentiation would be important because the treatment

of these two types of samples should be different during the training process. For

instance, noisy-label samples should never be allowed to be inserted into the validation

set because they will cause confirmation bias to the training. However, “hard” clean

samples should be included into the validation set since it would allow hard training

samples to be successfully used for training. Despite the effort to mitigate this problem

by periodical renovation of the validation set, I did not manage to solve it, particularly

for asymmetric noise. Consequently, my future work in meta learning optimization will

aim to study the essential characteristics of “hard” clean samples, and exploit them to

optimize further the validation set.

Additionally, the proposed validation data selection does not explicitly explore any
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type of feature learning that could, in principle, facilitate the optimization of the val-

idation set. Under real-world noisy-label problems, noisy-label samples often share

similar features with other samples from the noisy class, making their feature represen-

tation indistinguishable compared to the clean samples from the same noisy class. By

exploring feature learning with for example, self-supervised training approaches, the

features between noisy-label and clean-label samples could be separated.

Another issue with the proposed approach is the large computational cost involved

in the meta learning optimization, which is compounded by the large computational

cost of the validation set optimization. As the result, I plan to address this computa-

tional cost issue by first simplifying the validation set optimization, and then the meta

learning optimization, with the goal to reduce the costs without affecting classification

accuracy. A possible solution to be explored is the first-order simplification of the meta

learning optimization, such as the one proposed in [196].

The last limitation I plan to address, is the dependence on the available training set

to form the validation set. This dependence assumes that we always have enough clean

training samples available to build the validation set. However, under high noise rates

and low number of training samples per classes, this assumption may not hold. Our

future plan is to mitigate this issue with the development of data generation techniques

to produce informative validation samples.
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