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As large models grow in popularity, the demand for data has skyrock-
eted. This surge in demand has surpassed the availability of high-quality
annotated data and even outstripped the volume humans can realistically
produce. Consequently, training now often relies on vast amounts of data
sourced directly from the Internet, which inevitably includes a significant
portion of inaccurately or incorrectly labeled data. It has been observed
that deep neural networks have a tendency to overfit to such noisy data,
resulting in compromised generalization ability. To mitigate this challenge,
a variety of robust strategies have been explored and put forward. Among
these, methods based on early stopping have stood out by consistently

achieving substantial success.

Despite the pivotal role of early stopping in addressing label noise, a
comprehensive understanding of its intricacies remains elusive. This the-
sis endeavors to bridge this gap, offering several novel contributions that
deepen our insight into early stopping. First, it introduces an algorithm
specifically designed to harness the strengths of early stopping, enabling
the extraction of hard confident examples from noisy datasets. Next, it
reveals that the adverse effects of mislabeled examples become more pro-
nounced in the layers nearing the output and proposes a refined early stop-

ping approach via a progressive stopping strategy. Additionally, this thesis



broadens the applicability of early stopping, applying it to self-supervised
learning with the goal of overcoming semantic shift challenges. Finally, it
provides an empirical examination the constraints of early stopping, seeking

solutions for the issues posed by real-world label noise.



Robust Representation Learning:
Understanding the Role of Early
Stopping amidst Noisy Labels

by

Yingbin BAI
B.E. University of Sydney

A Thesis Submitted in Partial Fulfilment
of the Requirements for the Degree of
Doctor of Philosophy

at

University of Sydney
April, 2024



COPYRIGHT (©)2024, BY YINGBIN BAI
ALL RIGHTS RESERVED.



Declaration

I, Yingbin BAI, declare that this thesis titled, “Robust Representation
Learning: Understanding the Role of Early Stopping amidst Noisy Labels”,
which is submitted in fulfillment of the requirements for the Degree of Doc-
tor of Philosophy, represents my own work except where due acknowledge-
ment have been made. I further declared that it has not been previously
included in a thesis, dissertation, or report submitted to this University or

to any other institution for a degree, diploma or other qualifications.

Signed:

Date:



Authorship attribution statement

This thesis contains materials from the following publications:

e Chapter 3 of this thesis is published as Yingbin Bai, and Tongliang
Liu. "Me-Momentum: Extracting Hard Confident Examples from
Noisily Labeled Data." International Conference on Computer Vi-
ston, 2021.

I embarked on designing the study, crafting the algorithm from scratch,

conducting the experiments, and drafting the manuscript.

e Chapter 4 of this thesis is published as Yingbin Bai, Erkun Yang, Bo
Han, Yanhua Yang, Jiatong Li, Yinian Mao, Gang Niu, and Tongliang
Liu. "Understanding and Improving Early Stopping for Learning with
Noisy Labels." Neural Information Processing Systems, 2021.

I pinpointed the research issue, introduced a groundbreaking ap-
proach to address it, carried out the necessary experiments, and

crafted the preliminary versions of the manuscript.

e Chapter 5 of this thesis is published as Yingbin Bai, Erkun Yang,
Zhaoqing Wang, Yuxuan Du, Bo Han, Cheng Deng, Dadong Wang,
and Tongliang Liu. "RSA: Reducing Semantic Shift from Aggres-
sive Augmentations for Self-supervised Learning." Neural Informa-
tion Processing Systems, 2022.

I designed the study, developed the algorithm, conducted the exper-

iments, and composed the initial drafts of the manuscript.

e Chapter 6 of this thesis is published as Yingbin Bai, Zhongyi Han,
Erkun Yang, Jun Yu, Bo Han, Dadong Wang, and Tongliang Liu.
"Subclass-Dominant Label Noise: A Counterexample for the Success
of Early Stopping." Neural Information Processing Systems, 2023.

I identified the research problem, proposed a novel method to tackle

it, executed the experiments, and wrote the drafts of the manuscript.



In addition to the statements above, in cases where I am not the cor-
responding author of a published item, permission to include the published

material has been granted by the corresponding author.

Student Name: Yingbin Bai

Signed:

Date:

As supervisor for the candidature upon which this thesis is based, I

can confirm that the authorship attribution statements above are correct.

Supervisor Name: Tongliang Liu

Signed:

Date:




This thesis is dedicated to my loving family:
my parents, wife, and son.

I express my deepest gratitude for their unwavering love and support.



i

Acknowledgements

I would like to express my deepest gratitude to my supervisor, Dr.
Tongliang Liu, for his invaluable advice, continuous support, and patience
during my PhD study. His enormous knowledge and great experience have
encouraged me in all the time of my academic research and daily life. I
also extend my sincere gratitude to Dr. Dadong Wang for his generous
support and thorough guidance. Without the Data61 scholarship, I cannot

completely dedicate myself to research.

Additionally, I would like to convey my appreciation to my fellow lab
students: Yu Yao, Songhua Wu, Xuefeng Li, Feiyu Wang, Huaxi Huang,
Xiaobo Xia, Chaojian Yu, Zhaoqing Wang, and others. Their assistance

and constructive discussions have immensely enriched my PhD journey.

Last but not least, [ extend my heartfelt thanks to my family. Their un-
wavering love and support have been my strength and motivation through-

out this journey.

Yingbin BA1
University of Sydney
April 28, 2024



Contents

Abstract

Declaration

Authorship attribution statement

Acknowledgements

1 Introduction

2 Preliminaries

3 Strengths of Early stopping

3.1
3.2
3.3

3.4

Motivations and Contributions . . . . . . . . ... ... ...
Methodology . . . . . . . . . ... ...
Experiments . . . . . . . . ...
3.3.1 Verify Momentum of Memorization . . . .. ... ..
3.3.2 Visualize Hard Confident Examples . . . . . . . . ..
3.3.3 Classification Accuracy . . . . . . .. ... ... ...
3.3.4 Ablation Study . . . ... ..o

Summary . o.o.o.o. L.

4 Advancement of Early Stopping

4.1
4.2
4.3

4.4

Motivations and Contributions . . . . . . . . ... ... ...
Related Work . . . . . . .. .. oo
Methodology . . . . . . . . . ...
4.3.1 Progressive Early Stopping . . . . . . ... ... ...
4.3.2 Learning with Confident Examples . . . . ... . ..
4.3.3 Combining with Semi-supervised Learning . . . . . .

Experiments . . . . . ... ... o

il

ii

11
15
17
19
20
22
24



4.4.1 Datasets and Implementation Details . . . . . . . .. 33

4.4.2 Preliminary Experiments . . . . . . . ... ... ... 36
4.4.3 Classification Accuracy Evaluation . . . .. ... .. 37
4.4.4 Sensitivity Analysis . . . . . ... 39
4.4.5 'Training Time Comparison . . . . . . . . .. ... .. 40
4.5 Summary ... 40
Applicability of Early Stopping 42
5.1 Motivations and Contributions . . . . . . . . ... ... ... 43
5.2 Related Work . . . .. ... oo 44
5.3 Methodology . . . .. ... ... 46
5.3.1 Preliminaries on Self-supervised Learning . . . . . . . 46
5.3.2 Descriptionof RSA . . . . ... .. ... ... .. .. 47
5.4 Experiments . . . . ... 50
5.4.1 Datasets and Implementation Details . . . . . . . .. 50
5.4.2  Preliminary Analysis . . . . ... ... ... .. ... 52
5.4.3 Linear Classification . . . . ... .. ... ... ... 53
5.4.4 Transfer Learning . . . . . . . . ... ... ... 55
5.4.5 Training Time Comparison . . . . . . . . .. .. ... 55
5.4.6 Ablation Studies . . . ... ... ... L. 57
5.4.7 Adaptability Studies . . . ... ... ... L. 58
5.5 Summary . o.o.o. ..o 58
Limitations of Early Stopping 59
6.1 Motivations and Contributions . . . . . . . . ... ... ... 59
6.2 Related Work . . . . . ... oo 62
6.3 SDN Analysis . . . . . ... ... ... 63
6.4 Methodology . . . . .. ... ... 67
6.4.1 Identify SDN . . . . ... ... ... .. ..., 67
6.4.2 Label Correction . . .. .. ... ... ... ..... 68
6.5 Experiments . . . . . . . ... Lo 70
6.5.1 Experimental Setting . . . . .. ... ... ... ... 70
6.5.2 Comparison with State-of-the-art Methods . . . . . . 71
6.5.3 Ablation Study . . .. ... ... oL 74

6.6 Summary . . ... .. 76



7 Conclusion 78

A Supplementary for Chapter 3 79
A.1 Generating Label Noise . . . . . . . ... ... ... ..... 79
A.2 Comparison with SELF . . . ... ... ... ... ... ... 79
A.3 Experiments on High Noise Rates . . . . ... ... .. ... 81
A.4 Me-Momentum with Clean Validation Sets . . . . . .. ... 82
A.5 Comparison of Training Time . . . . .. .. ... ... ... 82
A.6 Experimental details for ClothinglM . . . .. ... .. ... 83
A.7 More Results in Section 3.3.1 . . . . . ... ... ... ... 84
A.8 More Results in Section 3.3.2 . . . . .. ... ... ... .. 84

B Supplementary for Chapter 4 92
B.1 Training details . . . . . . .. ... .. ... ... 92

B.1.1 Definition of noise . . . . . . . . ... ... ... ... 92
B.1.2 Data preprocessing and experimental settings . . .. 94
B.2 Additional Experiments . . . . . ... ... ... ... ... 95

C Supplementary for Chapter 6 98

C.1 CIFAR20-SDN . . . . ... 98
C.1.1 Construction Details . . . . .. ... ... ...... 98
C.1.2 Diverse Challenges across Different Classes . . . . . . 98
C.1.3 Clusters Effects . . . .. ... ... ... .. ..... 99

C.2 Experimental Settings . . . ... .. ... ... ... ... 100

C.3 Additional Experiments . . . . . ... ... ... .. ... 102
C.3.1 Ablation Study for Stopping Epoch . . . . ... . .. 102
C.3.2 Explore Noise-modeling-based Approaches . . . . . . 103
C.3.3 Training Time Comparison . . . . . . . . ... .. .. 104

C.4 Exploring SDN in Real-world Datasets . . . ... ... ... 104
C.4.1 SDN in ClothingIM . . . . . ... ... ... .. ... 104
C.4.2 SDNin WebVision . . ... ... ... ... ..... 106

Bibliography 113



Chapter 1

Introduction

As the emergence and rapid development of large-scale models, underscore
a critical trend: an explosive increase in the demand for diverse and vo-
luminous datasets|[45, 100, 29, 110]. This hunger for data, voracious and
unrelenting, has swiftly surpassed the pool of high-quality annotated data,
traditionally curated and labeled with meticulous precision [101, 99]. In
an effort to meet this overwhelming demand, researchers and developers
are exploring beyond conventional data sources, tapping into the expansive
reservoir of the Internet [15, 104]. This effort yields an abundance of cheap,
raw data, yet it is fraught with challenges. The vast quantities of infor-
mation sourced come with a plethora of inaccuracies and inconsistencies,
especially in data labeling [130, 139, 103].

Deep neural networks (DNNs), with their impressive learning capabil-
ities, are not immune to the pitfalls of label noise [2, 73, 41]. Numerous
studies have revealed that DNNs have a tendency to overfit to the data
they are presented with [38, 4, 33]. This overfitting becomes particularly
problematic when noisy data is involved, which can significantly undermine
the DNNs’ ability to generalize effectively to new, unseen data [2, 77, 80].
Such deterioration in generalization capability poses another substantial
challenge to developing real-world applications, escalating the requirement
for datasets that are not merely large in scale but also superior in labeling
quality [15, 67].

To combat the issue presented by label noise, the research community
has engaged in an intensive quest for solutions, and a variety of method-
ologies have been carried out [56, 138, 80, 12, 134|. These can be broadly
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categorized into two streams: model-based and model-free methods [135,
127]. Model-based methods combat the negative impacts of label noise by
modeling the noise distribution [97, 128, 122]. With an understanding of
this distribution, a transition matrix can be constructed to facilitate the
transfer of knowledge from the noise distribution to the clean distribution
[131, 135, 68]. The primary advantage of this approach is its robust the-
oretical foundation, which ensures network convergence provided certain
assumptions are met |73, 131, 75]. In real-world scenarios, however, the
noise distribution is typically unknown and challenging to estimate with
precision. Consequently, when a model-based method relies on an inac-
curate transition matrix, its effectiveness is substantially diminished [124,
138, 65].

In contrast, model-free methods tackle the challenge of label noise
by identifying examples that are likely to be correctly labeled, and subse-
quently designate these as confident examples [126, 42, 108]. This kind of
approaches leverages a phenomenon observed in DNNs known as memo-
rization effect, wherein DNNs tend to first fit to the majority of patterns
before overfitting to the minority [140, 4]. Given that clean samples exhibit
common patterns while mislabeled examples typically deviate, the network
will initially fit the clean examples, and then memorize mislabeled exam-
ples. By stopping the training process early, one can thus ensure a network
that demonstrates strong generalization on the clean dataset [42, 91, 121].
This observation has inspired a plethora of approaches that utilize early
stopping, which have shown consistent and significant success across noisy
datasets [65, 57, 72].

Despite the pivotal role of early stopping in addressing label noise, a
comprehensive understanding of its intricacies remains elusive. Key ques-
tions remain regarding the efficacy of early stopping in extracting hard
examples from noisy datasets and determining the optimal stopping points
to achieve a better initial network. Moreover, there is uncertainty about the
applicability of early stopping beyond supervised learning and whether it
can adequately address all types of label noise. To answer these questions,
the ensuing chapters will dissect the subject through four distinct aspects:

strengths, advancements, applicability, and limitations. Specifically, the
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analysis will be organized as follows:

Chapter 2. Preliminaries. In this chapter, the problem of learn-
ing with noisy labels (LNL) is articulated. Subsequently, an overview of

memorization effects and early stopping is provided.

Chapter 3. Strengths of Early Stopping. This chapter presents
an novel algorithm that leverages the inherent strengths of early stopping,
specifically devised to overcome the challenges associated with the extrac-
tion of hard confident examples from datasets contaminated by label noise.
Such examples are of paramount importance; they hold essential informa-
tion that, when accurately identified and utilized, can markedly enhance

the efficacy of the training process.
- The contributions in this Chapter are included in:

Yingbin Bai, and Tongliang Liu. "Me-Momentum: Extract-
ing Hard Confident Examples from Noisily Labeled Data." In-

ternational Conference on Computer Vision, 2021.

Chapter 4. Advancement of Early Stopping. In this chapter, we
first present evidence demonstrating that the latter layers in a deep neu-
ral network exhibit much more sensitivity to label noise, while the former
layers are quite robust. Building on these findings, we improve the early
stopping technique by partitioning a DNN into different parts and applying

progressive training strategies.
- The contributions in this Chapter are included in:

Yingbin Bai, Erkun Yang, Bo Han, Yanhua Yang, Jiatong Li,
Yinian Mao, Gang Niu, and Tongliang Liu. "Understanding
and Improving Early Stopping for Learning with Noisy Labels."

Neural Information Processing Systems, 2021.

Chapter 5. Applicability of Early Stopping. In this chapter, we
investigate the applicability of early stopping techniques in the realm of self-
supervised learning. Our approach offers a novel solution for addressing the

issues of semantic shift induced by aggressive data augmentation.

- The contributions in this Chapter are included in:
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Yingbin Bai, Erkun Yang, Zhaoqing Wang, Yuxuan Du, Bo
Han, Cheng Deng, Dadong Wang, and Tongliang Liu. "RSA:
Reducing Semantic Shift from Aggressive Augmentations for
Self-supervised Learning." Neural Information Processing Sys-
tems, 2022.

Chapter 6. Limitations of Early Stopping. This chapter conducts
an empirical analysis of the limitations associated with early stopping, re-
vealing its ineffectiveness against subclass-dominant label noise (SDN). To
combat this specific type of label noise, we introduce NoiseCluster, a novel

methodology devised to identify and correct SDN.
- The contributions in this Chapter are included in:

Yingbin Bai, Zhongyi Han, Erkun Yang, Jun Yu, Bo Han,
Dadong Wang, and Tongliang Liu. "Subclass-Dominant Label
Noise: A Counterexample for the Success of Early Stopping."

Neural Information Processing Systems, 2023.

Chapter 7. Conclusion. In this final chapter, we conclude our thesis by
summarizing our key findings, reflecting on the implications of our research,

and discussing potential directions for future research to build on our work.



Chapter 2

Preliminaries

In this chapter, we begin by delineating the research problem of learning
with noisy labels (LNL). Following this, we present an overview of the

memorization effects and early stopping method.

Problem Settings. Let D denote the joint probability distribution of
a pair of random variables (X,Y’), where X is the feature instances and
Y represents the variable of correct labels. The label space is defined as
{1,...,C}, with C indicating the number of classes. In practical scenarios,
data often experiences mislabeling due to a range of factors, such as the
annotator’s lack of expertise in specific data domains or inadvertent over-
sight of certain instances. Considering these factors, let Y represent the
variable of noisy labels, which includes a mix of both correct and erroneous
labels. Consequently, the noisy distribution can be denoted as 5, where

pairs (X,Y) are drawn.

In real-world scenarios, the complexity of studying and addressing
data corruption arises from various factors, including inherent imperfec-
tions within models, instances of human error, and gaps in domain-specific
knowledge. These multifaceted influences significantly contribute to the
inherent challenges of investigating data corruption. Furthermore, for re-
search purposes, label noise is typically categorized into three types, rang-
ing from easy to hard: random classification noise (RCN), class-conditional
label noise (CCN), and instance-dependent label noise (IDN).

RCN manifests as the flipping of clean labels with randomness and a
consistent rate, underscoring its independence from the data and associated

label information. This means that errors occur randomly and uniformly
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across the dataset, with no correlation to the actual characteristics of the
instances. In contrast, CCN’s generation process is determined exclusively
by class information without considering the specific details of individual
instances. This implies that mislabeling occurs solely based on the class
to which an instance belongs, irrespective of its unique features or context
within instances. Finally, IDN encompasses the most comprehensive cate-
gory, wherein noise generation is influenced by factors pertaining to both
the class and the specific attributes of individual instances. In this scenario,
mislabeling is not solely dictated by the class distribution but also by the
intrinsic properties or characteristics of each instance. This leads to a more
intricate and nuanced form of label noise, reflecting the diverse nature of

real-world data.

Memorization Effects. Deep neural networks are widely recognized as
universal approximators, endowed with the ability to represent functions of
arbitrary complexity [38, 28, 49]. When provided with sufficient capacity,
these networks can memorize all types of data, including mislabeled ones [4,
140]. However, the learning of correctly labeled and mislabeled data does
not occur simultaneously. Typically, these networks display a tendency to
initially grasp simple patterns, subsequently advancing to more complex
ones [102, 66]. In datasets with label noise, correctly labeled data usually
forms the majority, exhibiting common patterns, whereas mislabeled data,
being in the minority, tends to have more varied patterns. As a result, deep
neural networks tend to initially align with the patterns of correctly labeled
data, gradually adapting to include the mislabeled data as they encounter

increasingly complex patterns|66, 42, 108].

Early Stopping. To counteract the adverse effects of noisy labels, a va-
riety of heuristic methods exploit the memorization effects of deep neural
networks [56, 108, 138|. These methods involve pausing the training process
before the network begins overfitting to mislabeled examples, a technique
known as early stopping [106, 66, 72]. After halting training, examples that
are likely to be correctly labeled are identified within the noisy datasets and

then treated as confident examples for further training [93, 102, 124].

Among the various criteria for selecting confident examples, the small-
loss trick stands out [42, 138, 102]. Han et al. [42] observed that correctly
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labeled examples typically exhibit smaller losses compared to mislabeled
ones. This approach becomes more effective when employed with mul-
tiple networks [65, 57|. Another effective criterion is the utilization of
the network’s own predictions [56, 108]. This process entails comparing
these predictions with the original noisy labels, with aligned examples be-
ing classified as confident. Despite the absence of theoretical guarantees,
early stopping based methods have proven to be effective in real-world sce-
narios, primarily due to their ability to operate without making specific

assumptions about the noise distribution [72, 65, 57].



Chapter 3
Strengths of Early stopping

In the domain of learning with label noise, various state-of-the-art methods
have employed the memorization effect, employing strategies like utilizing
small loss to isolate confident examples. However, these methods often
neglect the critical role of hard examples in shaping the decision boundary.
Hard examples, which lie close to the boundary, are crucial for a robust
model. Remarkably, existing methodologies fail to address the extraction

of hard confident examples from noisy datasets.

In this chapter, we harness the inherent strength of early stopping
and introduce a deep learning paradigm tailored precisely for addressing
the label noise problem. To extract hard confident examples that contain
non-simple patterns and are entangled with the inaccurately labeled ex-
amples, we borrow the idea of momentum from physics. Specifically, we
alternately update the confident examples and refine the classifier. Note
that the extracted confident examples in the previous round can be ex-
ploited to learn a better classifier and that the better classifier will help
identify better (and hard) confident examples. We call the approach the
“Momentum of Memorization” (Me-Momentum). Empirical results on
benchmark-simulated and real-world label-noise data illustrate the effec-
tiveness of Me-Momentum for extracting hard confident examples, leading

to better classification performance.
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Figure 3.1: The illustration of the influence of hard (confident) examples
in classification. Circles represent positive examples while triangles rep-
resent negative examples. Green and blue denote examples with accurate
labels while red presents examples with incorrect labels. Blank circles and
triangles represent unextracted data. (a) shows an example of classification
with clean data. (b) shows noisy examples, especially those close to the de-
cision boundary, will significantly degenerate the accuracy of the classifier.
(c) shows confident examples help learn a fairly good classifier. (d) shows
that hard confident examples are essential to train an accurate classifier.

3.1 Motivations and Contributions

A promising approach to tackling the issue of label noise involves the ex-
traction of examples that possess clean labels—confident examples— |93,
111,91, 30, 118, 102, 125, 126]. The idea is that compared with the original
noisy training data, the extracted examples are less noisy and thus will lead
to a classifier with better performance. Given only noisy data, state-of-the-
art methods exploit the memorization effect [140, 5| to extract confident
examples. The memorization effect will enable deep neural networks to first
learn patterns that are shared by a majority of training examples. As clean
labels are of majority in each noisy class [90, 130], deep neural networks
would therefore first fit training data with clean labels, and then gradually
fit the examples with incorrect labels [18]. Therefore, early stopping [66,
106] and the small loss trick |56, 42, 137] can be used to exploit confident

examples.

Examples that are close to the decision boundary are called hard ez-
amples. As illustrated in Figure 3.1, hard (confident) examples play an
important role in shaping the decision boundary. It has also been widely
studied in the traditional classification problem that hard examples are es-
sential to train accurate classifiers [116, 10, 51, 47]. Notwithstanding the
importance of hard confident examples, none of the existing methods stud-

ies how to extract hard confident examples from noisy data. Note that
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extracting hard confident examples is non-effortless. Since hard examples
are often of a small proportion and contain less discriminative information
compared with the easy ones (these that are far away from the decision
boundary), they are often entangled with inaccurately labeled examples in

the procedures of extraction.

In this chapter, by alternately updating the confident examples and
refining the classifier, we propose a deep learning paradigm that is able
to extract hard confident examples from the noisy training data, leading
to better classification performance. Specifically, the idea is similar to the
usage of momentum from physics. As stated in the statistical learning the-
ory, with better training data, a better classifier can be obtained [88]. We
can then think of the classifier as a particle traveling through the hypoth-
esis space, getting acceleration from the confident data. Classifiers with
better performance can be achieved by properly exploiting the previously
extracted confident examples. This is similar to the momentum trick used
in optimization that previous gradient information can be used to escape
local minimum and achieve fast convergence rates [107|'. At a high level,
the proposed method is built on the memorization effect of deep neural
networks and on the intuition that better confident examples will result in
a better classifier and that a better classifier will identify better confident
examples (and hard confident examples). The proposed method is therefore

called the Momentum of Memorization (Me-Momentum).

We conduct experiments to show the effectiveness of the proposed
Me-Momentum on noisy versions of MNIST, CIFAR10, CIFAR100, and
a real-world label noise dataset Clothing1M. Specifically, on MNIST and
CIFAR, we generate class-dependent and instance-dependent label noise
and visualize the extracted hard confident examples, which justifies why

Me-Momentum consistently outperforms the baseline methods.

In optimisation, the parameter vector can be thought of as a particle traveling
through the parameter space, getting acceleration from the gradient of the loss. The
momentum trick demonstrated that the gradient in the previous update can help escape
local minimum and achieve fast convergence rates.
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3.2 Methodology

In this section, by specifying the proposed method of momentum of mem-
orization (Me-Momentum; summarized in Algorithm 1), we would like to
detail how to accomplish extracting hard confident examples and boosting
the classification performance. At a high level, by alternately updating
the confident examples and refining the classifier, Me-Momentum fulfills a
positive cycle that better confident examples will result in a better clas-
sifier and that a better classifier will identify better confident examples.
Specifically, Me-Momentum has two loops, i.e., an inner loop and an outer
loop. In the inner loop, Me-Momentum alternates update of the confident
examples and the classifier (Steps 2 and 3). However, the inner loop con-
tinually refines a classifier and thus depends heavily on the initialization of
the classifier (Step 1). It may lead to the memorization of noisy labels and
the inferiority of sample-selection bias. To handle this problem, the outer
loop re-initializes the classifier (Step 5) while it maintains the previously

extracted confident examples.
There are some points to be clarified for the proposed Algorithm 1:
Q1. How to initialize a good classifier in Step 17
Q2. How to extract confident examples in Step 27

Q3. How to validate the learned classifiers in Steps 3 and 5 without a

clean validation set?
Q4. What are hard confident examples?
Q5. Why can hard confident examples be extracted?
Q6. Why the proposed method is called Me-Momentum?

To answer the first question, we would like to mention that the aim of
the initialization in Step 1 is to initialize a good classifier for the positive
cycle: a better classifier will identify better confident examples and better
confident examples will result in a better classifier. A good candidate should
have a fairly high classification accuracy, e.g., higher than random guessing.
Otherwise, the positive cycle cannot be invoked. Fortunately, the initial-

ization can be made by exploiting the memorization effect of deep neural
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networks that would first fit clean data [5, 140|. Note that this memoriza-
tion effect is independent of training optimization or network backbones
[5]. Specifically, we use the early stopping trick. For easy understanding,
we would like to introduce a definition of high-peak. A mnoisy validation
accuracy at the i-th epoch is called an i-th high-peak if it achieves the
highest accuracy in the epoch range {1,...,i}. Assume the i-th and j-th
high-peaks occur next to each other, having noisy validation accuracies of a
and b, respectively. The training early stops if (b—a)/(j—i) < 7, where T is
a hyper-parameter. In the experiments, we set 7 = 0.1, which empirically
works well across all datasets. In Section 3.3.4, we compare the difference
between the early stopping method and the traditional validation method.

We also study the sensitivity of the hyper-parameter.

The answer to the second question is closely related to the memoriza-
tion effect. Note that the classifier initialized in Step 1 would fit the clean
data well but not the incorrectly labeled data because of the memorization
effect and early stopping. Therefore, we can treat the training examples
whose noisy labels are identical to the ones predicted by the classifier ob-
tained in Step 1 as confident examples. This also applies for the classifiers
in Step 3 to extract confident examples, which are iteratively trained by
employing the updated confident data. Note that there are some other fea-
sible methods to extract confident examples, e.g., extract those who have

a large class posterior.

In Step 3, we aim to learn a better classifier compared with the one
in the previous round. This can be achieved because of two reasons: (1)
we initialize the network with the parameters of the classifier learned in
the previous round; (2) we have a better set of confident examples as the

training sample.

This starts the positive cycle that better confident examples will result
in a better classifier and that a better classifier will identify better confident
examples. The third question is essential for identifying the classifiers in
the cycle. Note that the accurately labeled examples are always assumed
to be dominant in each class in the community of learning with noisy labels
[90, 74, 42]. Otherwise, the true class label cannot be identified by only

exploiting the noisy data. This assumption implies that the performance
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on the noisy validation set (split from the noisy training set) and these on
test set are positively correlated. The noisy validation set could be used as
a surrogate to validate the classifiers if no clean validation set is available.
We therefore validate the classifiers in Steps 3 and 5 with the highest noisy
validation accuracies during the training. Empirical results show that it

works well.

Algorithm 1: Me-Momentum

1 Input: Noisy training data, noisy validation data, iteration number
N; inner and IV, outer
2 Output: Extracted confident examples and the classifier;
3 1: Initialize a classifier fy by using the noisy training data and early
stopping; //memorization effect
a4 fori=1,..., Nyyer do
5 for j=1,..., Njper do
6 2: Update the extracted confident examples;
7 //i.e., the training examples whose noisy labels are
identical to the ones predicted by f;_;
3: Obtain the classifier f;;
9 //initialize the network by using the parameters of f;_;
and train it by employing confident examples; the classifier
f; will be chosen with the highest noisy validation accuracy
throughout the training procedure
10 4: Break and output f;_; if the highest validation accuracy is
non-increasing in the loop;

11 end
12 5: Re-initialize a classifier fy;
13 / /randomly initialize the network and train it by using

confident examples; the classifier fy will be chosen with the
highest noisy validation accuracy throughout the training
procedure

14 6: Break and output f;_; if the highest validation accuracy is
non-increasing in the loop;

15 end

To answer the fourth question, we define the hard examples by ex-
ploiting the memorization effect of deep neural networks, i.e., deep neural
networks first fit the majority (or easy) patterns and then the minority (or
hard) patterns. Specifically, hard examples are those which contain minor-
ity (or hard) patterns. Note that hard patterns are usually entangled with

incorrect labels.



14 Chapter 3. Strengths of Early stopping

Following the previous question, we answer the fifth question. By sim-
ply exploiting the memorization effect, extracting confident examples with
hard patterns is difficult. However, by using the proposed Me-Momentum
method, we could extract hard examples. Due to the memorization effect
of deep neural networks, the model first fits the simple patterns, i.e., exam-
ples with simple features, some of which also have hard features. Then deep
neural networks can learn hard patterns from the fitted examples, which
makes it possible for deep neural networks to extract hard confident exam-
ples from those examples entangled with incorrect labels. A visualization

is shown in Figure 3.3.

To answer the sixth question, we would like to first mention that the
proposed method heavily relies on the memorization effect of deep neural
networks. Specifically, in Step 1, a classifier is initialized by exploiting the
memorization effect via early stopping, which is used to identity confident
examples. Later, the classifier and confident examples are iteratively refined
and updated, respectively, which is the positive cycle we have mentioned
before. Note that this cycle also depends on the memorization effect to
update confident examples and refine classifiers. Our method is named
as momentum of memorization (Me-Momentum) because it uses the trick
of momentum to better exploit the memorization effect. Specifically, we
can think of the classifier as a particle traveling through the hypothesis
space, getting acceleration from the updated extracted confident data. We
exploit the previously extracted confident examples to help learn a better
classifier, training the network by using the confident examples extracted
in the previous round. The impact of the confident examples will increase

as we continue extracting more confident examples.

Relation to existing work: The strategy of alternatively optimiz-
ing the classifier and updating the training examples is not new for dealing
with label noise. For example, Joint Optim [108], Co-teaching [42, 137|, and
SELF [91] are similar to ours. Specifically, Joint Optim and Co-teaching
update the classifier with one step of stochastic gradient descent while SELF
and the proposed method refine the classifier to be optimal with respect
to the extracted confident examples. However, existing methods have not

focused on extracting hard confident examples and thus are substantially
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different from this chapter because they neglected the importance of avoid-
ing the accumulated error caused by the single initialization of the classifier
and the sample-selection bias. Experiments (e.g., Figures 3.2 and 3.3) show
that Me-Momentum with the outer loop part (i.e., re-initialization of the
classifier) contributes significantly to extracting hard confident examples

and achieving high label precision.

Me-Momentum is similar to curriculum learning as it also learns from
easy to difficult. However, curriculum learning needs a predefined cur-
riculum (sample weighting scheme), e.g., assigning big/small weights for
confident /noisy data. If the curriculum is not available, some clean data
is required to learn a mentornet to provide a curriculum [56] or a latent
variable could be introduced by self-paced learning [61] to learn a curricu-
lum. Differently, Me-Momentum is only based on noisy data and does not
explicitly learn a curriculum. Me-Momentum also has a similar flavor to
active learning which tends to choose and label hard examples to learn
from at each iteration. However, for active learning, no label information
is available before the data is chosen while Me-Momentum has noisy labels

and needs to consider the side-effect of label noise.

3.3 Experiments

Datasets: To verify the effectiveness of the proposed method, we do exper-
iments on datasets with both synthetic and real-world label noise. Specif-
ically, we manually corrupt MNIST [62], CIFAR10, and CIFAR100 [59]
with class-dependent label noise and instance-dependent label noise. We
detail how to generate class-dependent and instance-dependent label noise
in Appendix 1. We employ the real-world noisy dataset ClothinglM [130].
These datasets have been widely used in studies with noisy labels [42, 108,
128].

For MNIST, CIFAR10, and CIFAR100, we leave out 10% of the noisy
training data as noisy validation data. Clothingl M contains one million
noisy training images, which are crawled from shopping websites, labeling
by surrounding text. Almost all existing work uses the 14k clean validation

data in their experiments. To verify the robustness of the proposed method,
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we also employ noisy validation data in our experiments. Specifically, 100k
noisy data are randomly left as noisy validation data and the remaining

900k noisy data as the training data.

Baselines: Me-Momentum is compared against the following state-
of-the-art approaches. (1) Statistically consistent methods: Forward [96],
T-revision [128], and DMI [131]; (2) Statistically inconsistent methods:
MentorNet [56], Co-teaching [42], Joint Optim [108], SELF [91], CDR [124],
DivideMix [65], ELR+ [72] where MentorNet, Co-teaching, SELF, and Di-
videMix use the idea of extracting confident examples by employing the
small loss trick. Note that DivideMix and ELR+ employ a semi-supervised
approach for unconfident examples, which gives them an advantage for syn-
thetic datasets whose numbers of confident examples are limited. There-

fore, we only compare our method with them on real-world datasets.

Network structure and optimization: All the methods are imple-
mented by PyTorch v1.5. For the experiments on MNIST, CIFAR10, and
CIFAR100, we set Nipner = 20, Nouter = 3, 100 epochs for each inner loop
and follow the settings of T-revision [128]. Specifically, LeNet-5, ResNet-18,
and ResNet-34 networks are used for MNIST, CIFAR10, and CIFAR100
respectively. We use SGD with momentum 0.9, weight decay 10~%, batch
size 128, and an initial learning rate of 1072, divided by 10 after the 40-th
epoch and 80-th epoch respectively (we fix the learning rate of 1072 for
the early stopping method). Data augmentation is used with horizontal

random flips and 32 x 32 random crops after padding 4 pixels on each side.

For Clothing1 M, a ResNet-50 is used. To show the effectiveness of the
proposed method, we do experiments by randomly initializing the network
and pre-training it by employing ImageNet, respectively. As the noisy
training sample contains a large number of examples, we set Niyner = 6 and
Nouwter = 3 and 5 epochs for each inner loop. We use SGD with momentum
0.9, weight decay 1073, batch size 32, with a learning rate of 5 x 1073, and
divided it by 10 at the 3-rd and 5-th round in the inner loop. For each outer
loop, the model will be randomly re-initialized (or replaced by a pre-trained
one). The learning rate will be reset to 5x 1073, For data augmentation, all
images are resized to 256 x 256, horizontal random flipped, and 256 x 256
random cropped with padding 32 pixels on each side. Note that due to
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the page limit, some complementary experiments to Sections 3.3.1 and
3.3.2 and the comparison with SELF are put in Appendix 2. The code is
available at https://github.com/tmllab/Me-Momentum.

gC(CIFARIO, Symmetric-40%) o8 (CIFARI10, Instance-40%) 10(]CIFARI(JO, Symmetric-40%) Og(CIFARll)l), Instance-40%)
9 E C 9¢

96 99

=

98

©
N

97

Label Precision

©
S

96

)
o

5 10 15 20 950 5 10 15 20 25 30 02‘17 5 10 15 20
Rounds Rounds Rounds Rounds

28 (CIFAR10, Symmetric-40%) 0k (CIFAR10, Instance-40%) 2ﬂ?{ClFARlOO, Symmetric-40%) 2F‘\(CIFARIOO, Instance-40%)
K o oK

N
IS
o

9
=
-
[N)
p

26k

N
=
=~

24k

22k
20k
2 4 6 8 10 12 “o 5 10 15 20 0 5 10 15 20 25 30 ‘0 5 10 15 20

Rounds Rounds Rounds Rounds
]O(CIFARIO, Symmetric-40%) . (CIFARI10, Instance-40%) (SCIFARIOO, Symmetric-40%) (7(CIFAR100, Instance-40%)
g 90 6 6

N
i
~

N
=1
~

,_a
©
~

Confident Data Number
Confident Data Number
N
N
N

N
~
-
o
~
-
o
=

88 62
88 )
z Z 86 z 60
£ £ 58
g% 84 g
S S S 56
2 2 P
" 82
7 8 Z 7 54
= & 80 & ..
82 52
78 50 48
8, 2 4 6 8 10 12 % 5 10 15 20 48 5 10 15 20 25 30 % 5 10 15 20
Rounds Rounds Rounds Rounds

Figure 3.2: We call one update of the classifier and the extracted confi-
dent examples as one round. We illustrate how the label precision of the
extracted confident examples, the number of the extracted confident exam-
ples, and the classification accuracy of the classifier trained by using the
extracted confident examples change during the training of Me-Momentum.
We have three distinct peaks in these figures because we have set Nyyper = 3
and the classifiers are re-initialized in the outer loop. The dash lines in the
second row indicate the number of clean labels in the noisy training data.

3.3.1 Verify Momentum of Memorization

In this section, we discussed that Me-Momentum is implemented by fulfill-
ing the positive cycle that better confident examples will result in a better
classifier and that a better classifier will identify better confident examples.
In this subsection, we will empirically verify this positive cycle, which can

be done on the synthetic datasets as we have their ground-truth labels.

In Figure 3.2, we can see that in the inner loops (e.g., rounds 0-5,

rounds 6-9, and rounds 10-12 in the first column of figures represent three
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Figure 3.3: Visualization of the extracted confident examples. The first
and third columns are about the confident data extracted in the first run
of the inner loop; while the second and the fourth columns are about the
confident data extracted in the outer loop. Specifically, green dots represent
the data selected in the first round. Blue and red dots represent the newly
extracted data in the middle and the end rounds respectively. Large figures
for CIFAR100 are provided in the supplementary material.

inner loops respectively), the classification accuracy generally increases
(note that the figures are not smooth because the classifiers are tested
on the unseen test data) and the number of extracted confident examples
clearly increases (although their label precision decreases slightly). We
can also see that in the outer loops (e.g., rounds 0, 6, and 10 in the first
column of the figures consist of an outer loop), the classification accuracy
clearly increases and the label precision of the extracted confident examples
clearly increases (although the number of extracted confident examples de-
creases slightly). This implies that compared with previous classifiers and
extracted confident examples, better ones are obtained, which empirically
justifies the positive cycle. Note that the classification accuracy in the outer

loop is low because the models are re-initialized.
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Figure 3.2 also shows the importance of the outer loop of Me-Momentum.
We can see that the label precision of the extracted confident examples
slightly decreases in the inner loops. This is because the deep model grad-
ually memorizes the noisy labels as we continually refine it. This issue can
be handled by re-initializing the deep model in the outer loop. Specifi-
cally, we can see from Figure 3.2 that by re-initializing the model in the
outer loop, the label precision of the extracted confident examples increases
significantly. Although the number of the extracted confident examples de-
creases, the overall quality of the extracted confident examples is increasing
as evidenced by the increase of the classification accuracy of the classifiers
trained on the extracted confident data. Note that the low data quality
in the first run of the inner loop also justifies that a single deep model

initialization may lead to sample selection bias.

There are interesting observations of the proposed method that the
number of extracted confident examples is close to the number of accurately
labeled data in the training set and that the label precision of the extracted
confident examples is quite high, i.e., almost all are above 90%. This em-
pirically proves that Me-Momentum is powerful in extracting confident ex-
amples. In the next subsection, we will visualize that Me-Momentum is

also good at extracting hard confident examples.

3.3.2 Visualize Hard Confident Examples

To justify that Me-Momentum is able to extract hard confident exam-
ples, we visualize the extracted confident examples by employing t-SNE
[83]. Specifically, we show how the confident examples are progressively
extracted in the inner and outer loops. The results are shown in Figure
3.3, where green, blue, and red dots represent confident examples extracted
at the beginning, middle, and end rounds of the loops, respectively. On the
datasets of MNIST and CIFAR10, we can clearly see that the blue and
red dots are mostly located at the boundaries of the clusters of green dots.
Although the figures of CIFAR100 are small, we can also clearly see that
there are lots of blue and red dots which are outside of the green clusters

in the second and fourth figures. This supports and justifies our claim that
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Table 3.1: Means and standard deviations of classification accuracy on

MNIST

Methods Sym-20 Sym-40 Inst-20 Inst-40
Cross-Entropy | 97.88+£0.27 | 97.414+0.18 | 97.61+0.28 | 92.93+0.81
MentorNet 96.57£0.18 | 96.16+0.49 | 94.66+0.35 | 88.51£0.36
Co-teaching 97.22+0.18 | 94.64+0.33 | 95.37+0.08 | 90.06+£0.81
Forward 98.22+0.08 | 96.71+0.16 | 95.894+0.12 | 88.95+2.47
Joint Optim | 98.584+0.15 | 98.12+0.06 | 98.10£0.14 | 92.00%1.39
DMI 98.92+0.11 | 98.63£0.11 | 98.75+0.11 | 97.58+0.82
T-revision 98.91+0.04 | 98.42+0.47 | 97.12+0.09 | 94.89+0.66
CDR 98.76£0.07 | 98.40 £0.17 | 98.18+0.09 | 93.43£1.12
Ours 98.94+0.13 | 98.66+0.07 | 98.96+0.06 | 98.11+0.35

Me-Momentum is able to extract hard confident examples (those are close

to the decision boundary).

Comparing the extracted results of the first run of the inner loop (the
first and third columns) with those of the outer loop (the second and fourth
columns), we can find that the cluster boundaries in the latter are more
clear. This further justifies that why better classification performance can
be obtained by re-initialization in the outer loop. Comparing the confident
examples extracted on the class-dependent label noise datasets with those
on the instance-dependent label noise datasets, we can observe that the
proposed method is not sensitive to the type of label noise and can work

well on the most general instance-dependent label noise cases.

3.3.3 Classification Accuracy

Synthetic data To evaluate the classification performance of Me-Momentum,
we first conduct experiments on MNIST, CIFAR10, and CIFAR100 with
class-dependent and instance-dependent label noise. Each trial is repeated
five times. The results are presented in Tables 3.1, 3.2, and 3.3, respec-
tively. Me-Momentum consistently outperforms the baselines. Specifically,
Me-

Momentum outperforms the baselines by a clear margin across all the

CIFAR100 is the most challenging one among the three datasets.

settings as shown in Table 3.3. Note that the performance gain in Me-
Momentum is caused by the improvement of the quality of the extracted

confident examples.
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Table 3.2: Means and standard deviations of classification accuracy on
CIFAR10

Methods Sym-20 Sym-40 Inst-20 Inst-40
Cross-Entropy | 85.00£0.43 | 79.59+1.31 | 85.92+1.09 | 79.91+1.41
MentorNet 80.49+0.11 | 77.48+3.45 | 79.12+0.42 | 70.27%1.52
Co-teaching 87.16£0.52 | 83.5940.28 | 86.54+0.11 | 80.98=+0.39
Forward 85.63+0.11 | 74.304£0.26 | 85.29+0.38 | 74.724+3.24
Joint Optim | 89.704+0.36 | 87.79+0.20 | 89.69£0.42 | 82.62+0.57
DMI 88.18+0.13 | 83.98+0.48 | 89.14+0.36 | 84.7841.97
T-revision 89.63£0.33 | 86.81+0.21 | 90.46+0.13 | 85.37£3.36
CDR 89.68+£0.38 | 86.13+0.44 | 90.24+0.39 | 83.07£1.33
Ours 91.44+0.33 | 88.39+0.34 | 90.86+0.21 | 86.66+0.91

In the baselines, Co-teaching, Joint Optim, and T-revision are the
representative methods that learn robust classifiers by extracting confident
examples, refining the noisy labels, and exploiting the noise transition ma-
trix, respectively. Note that Co-teaching keeps updating a constant number
of confident examples from the mini-batches used in SGD. We therefore do
not compare with its extracted confident examples in Section 3.3.2 as our
method extracts confident examples from the whole training data at once.
By comparing the classification performance, we can clearly see that the
proposed method is much more powerful in extracting confident examples.
Note that Joint Optim and T-revision employ all training data to train the
classifiers; while our method only employs confident examples and discards
the unconfident ones. The results further justify that Me-Momentum is able
to extract high-quality confident examples. Note that the performance of
Me-Momentum could be further improved by correcting the unconfident
data with the idea of Joint Optim.

Real-world dataset We compare Me-Momentum with baseline meth-
ods on Clothing1M in Table 3.4, where “pre-trained" and “scratch" mean
the network was pre-trained by employing ImageNet and initialized ran-
domly, respectively;‘clean" and “noisy" means the validation data is clean
and noisy respectively. First, it is observed that Me-Momentum works well
with noisy validation, even surpassing many baselines with clean valida-
tion. For a fair comparison, we also use clean validation to validate our
method, which achieves the highest test accuracy of 75.18%, better than
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Table 3.3: Means and standard deviations of classification accuracy on

CIFAR100

Methods Sym-20 Sym-40 Inst-20 Inst-40
Cross-Entropy | 57.59+£2.55 | 45.744+2.61 | 59.85+1.56 | 43.74+1.54
MentorNet 52.11+0.10 | 35.12+1.13 | 51.73x0.17 | 40.90£0.45
Co-teaching 59.28+0.47 | 51.604+0.49 | 57.24+0.69 | 45.69£0.99
Forward 57.75+£0.37 | 38.5941.62 | 58.76+0.66 | 44.50£0.72
Joint Optim | 64.554+0.38 | 57.97+0.67 | 65.15+£0.31 | 55.57£0.41
DMI 58.73+0.70 | 49.81£1.22 | 58.05+0.20 | 47.36%0.68
T-revision 65.40+1.07 | 57.71£0.84 | 60.71£0.73 | 51.544+0.91
CDR 66.52+£0.24 | 60.1840.22 | 67.06£0.50 | 56.86£0.62
Ours 68.03+0.53 | 63.48+0.72 | 68.11+0.57 | 58.38£1.28

Table 3.4: Classification accuracy on Clothing1M.

Method ‘ Validation ‘ Accuracy
Cross Entropy Clean 69.54%
MentorNet Clean 56.77%
Co-teaching Clean 58.68%
Forward Clean 69.84%
Joint Optim Clean 72.23%
DMI Clean 72.46%
T-revision Clean 74.18%
DivideMix Clean 74.76%
ELR+ Clean 74.81%
Ours (pre-trained) Noisy 73.13%
Ours (scratch) Clean 74.75%
Ours (pre-trained) Clean 75.18%

T-revision by 1% and Joint Optim by 2.95%. Note that Forward and T-
revision need the 50k clean data for estimating the transition matrix, while
In addition,

to show the robustness of Me-Momentum, we conduct experiments with

Me-Momentum does not need any clean data for training.

ResNet-50 from scratch, which achieves the second best accuracy.

3.3.4 Ablation Study

We discuss the early stopping trick used in Step 1 of Algorithm 1. The
training early stops if (b —a)/(j —¢) < 7, where 7 is a hyper-parameter.

In the experiments, we set 7 = 0.1, which empirically works well across all
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Figure 3.5: Illustrative of extracting hard confident examples.

datasets. In Figure 3.4, we compare the difference between the proposed
early stopping method and the traditional validation method. Comparing
the blue dash line with the yellow dash line in Figure 3.4, we can observe
that the proposed early stopping strategy stops earlier and fits less noise,
while the traditional methods would continue to fit more data and thus fit

more noise.

We also study the sensitivity of the hyper-parameter. Specifically, we
study its sensitivity on CIFAR10 by setting 7 to be the values in the range
{0.05, 0.07, 0.1, 0.3, 0.5}. Other settings are the same as those in this
chapter. The results are presented in Figure 3.5. We can see that the
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classification performance of Me-Momentum is robust and not sensitive to

the change of the value of 7.

3.4 Summary

In this chapter, we propose a method called Me-Momentum that is able
to extract hard confident examples from noisily labeled data by exploiting
the memorization effect of deep neural networks. At a high level, it ful-
fills a positive cycle that better confident examples will result in a better
classifier and that a better classifier will identify better confident examples.
We have empirically verified its effectiveness by analyzing the statistics of
the extracted examples, visualizing the hard confident examples, and com-
paring its classification performance with state-of-the-art baselines. In the
future, we will extend our work by utilizing and exploiting the unconfident

examples, e.g., in a semi-supervised way to further boost the performance.
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Advancement of Early Stopping

The memorization effect of deep neural network (DNN) plays a pivotal
role in many state-of-the-art label-noise learning methods. To exploit this
property, the early stopping trick, which stops the optimization at the early
stage of training, is usually adopted. Current methods generally decide the
early stopping point by considering a DNN as a whole. However, a DNN
can be considered as a composition of a series of layers, and we find that the
latter layers in a DNN are much more sensitive to label noise, while their
former counterparts are quite robust. Therefore, selecting a stopping point
for the whole network may make different DNN layers antagonistically af-
fect each other, thus degrading the final performance. In this chapter, we
propose to separate a DNN into different parts and progressively train them
to address this problem. Instead of early stopping, which trains a whole
DNN all at once, we initially train former DNN layers by optimizing the
DNN with a relatively large number of epochs. During training, we pro-
gressively train the latter DNN layers by using a smaller number of epochs
with the preceding layers fixed to counteract the impact of noisy labels. We
term the proposed method as progressive early stopping (PES). Despite its
simplicity, compared with the traditional early stopping, PES can help ob-
tain more promising and stable results. Furthermore, by combining PES
with existing approaches on noisy label training, we achieve state-of-the-art

performance on image classification benchmarks.
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4.1 Motivations and Contributions

To exploit the memorization effect, when the double descent phenomenon
[9, 89, 55| cannot be guaranteed to occur, a core issue is to study when
to stop the optimization of the network. While stopping the training for
too few epochs can avoid overfitting to noisy labels, it can also make the
network underfit to clean labels. Current methods [108, 91] usually adopt
an early stopping strategy, which decides the stopping point by considering
the network as a whole. However, since DNNs are usually optimized with
stochastic gradient descent (SGD) with backpropagation, supervisory sig-
nals will gradually propagate through the whole network from latter layers
(i.e., layers that are closer to output layers) to former layers (i.e., layers
that are closer to input layers). Noting that the output layer is followed
by the empirical risk in the optimization procedure. We hypothesize that
noisy labels may have more severe impacts for the latter layers, which is
different from current methods [42, 65] that usually stop the training of the

whole network at once.

To empirically verify the above hypothesis, we analyze the impact of
noisy labels on representations from different layers with different training
epochs. To quantitatively measure the impact of noisy labels from interme-
diate layers, we first train the whole network on noisy data with different
training epochs and fix the parameters for the selected layer and its previ-
ous layers. We then reinitialize and optimize the rest layers with clean data,
and the final classification performance is adopted to evaluate the impact
of noisy labels. For the final layer, we directly report the overall classi-
fication performance. As illustrated in Figure 4.1, we can see that latter
layers always achieve the best performance at relatively smaller epoch num-
bers and then exhibit stronger performance drops with additional training
epochs, which verifies the hypothesis that noisy data may have more severe
impacts for latter layers. With this understanding, we can infer that the
early stopping, which optimizes the network all at once, may fail to fully

exploit the memorization effect and induce sub-optimal performance.

To address the above problem, we propose to optimize a DNN by
considering it as a composition of several DNN parts and present a novel

progressive early stopping (PES) method. Specifically, we initially train
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Figure 4.1: We train a ResNet-18 model on CIFAR-10 with three types of
noisy labels and evaluate the impact of noisy labels on the representations
from the 9-th layer, the 17-th layer, and the final layer. The X-axis is the
number of epochs for the first block of the network. The curves present
the mean of five runs and the best performances are indicated with dotted
vertical lines.

former DNN layers by optimizing them with a relatively large number of
epochs. Then, to alleviate the impact of noisy labels for latter layers,
we reinitialize and progressively train latter DNN layers by using smaller
numbers of epochs with preceding DNN layers fixed. Since different layers
are progressively trained with different early stopping epochs, we term the
proposed method as progressive early stopping (PES). Despite its simplic-
ity, compared with normal early stopping trick, PES can help to better
exploit the memorization effect and obtain more promising and stable re-
sults. Moreover, since the model size and training epochs are gradually
reduced during the optimization procedure, the training time of PES is
only slightly greater than that of the normal early stopping. Finally, by
combining PES with existing approaches on noisy label training tasks, we
establish new state-of-the-art (SOTA) results on CIFAR-10 and CIFAR-100
with synthetic noise. We also achieve competitive results on one dataset
with real-world noise: ClothinglM [130].

4.2 Related Work

Learning with noisy data has been well studied [73, 37, 82, 117, 81]. Current
works can be mainly categorized into two groups: model-based and model-

free methods. In this section, we briefly review some closely related works.

The first type models the relationship between clean labels and noisy



28 Chapter 4. Advancement of Early Stopping

labels by estimating the noise transition matrix and build a loss function
to correct the loss [97, 127, 135, 122|. [97| first combines algorithms for
estimating the noise rates and loss correction techniques together and in-
troduces two alternative procedures for loss correction. It also proves that
both of the two procedures enjoy formal robustness guarantees w.r.t. the
clean data distribution. DMI [131] proposes an information-theoretic loss
function, which utilizes Shannon’s mutual information and is robustness to
different kinds of label noise. T-revision [128] estimates the noise transition
matrix without anchor points by adding a fine-tuned slack variables. Al-
though these methods have made certain progress, they are usually fragile
to estimate the noise transition matrix for heavy noisy data and are also
hard to handle a large number of classes. Therefore, in this chapter, we

mainly focus on the model-free methods.

The second strand mainly counteracts noisy labels by exploiting the
memorization effect that deep networks tend to first memorize and fit ma-
jority (clean) patterns and then overfit minority (noisy) patterns [5]. To
exploit this property, Co-teaching [42| employs two networks with different
initialization and uses small loss to select confident examples. M-correction
[3] uses two Gaussian Mixture Models to identify confident examples, in-
stead of using networks themselves. DivideMix [65] extends Co-teaching
[42] and employs two Beta Mixture Model to select confident examples.
MixMatch [11] is then adopted to leverage unconfident examples with a
semi-supervised learning framework. All the above methods exploit the
memorization effect by considering the adopted network as a whole. Re-
cently, [64] shows that networks training with noisy labels can produce
good representations, if the structure of networks suits the targeted tasks.
Our method further explains that noisy labels have different impacts for
different layers in a DNN. And latter layers will receive earlier and more
severe impact than their former counterparts. Therefore, by considering a
DNN as a composition of several layers and training different layers with
different epochs, our method is able to better exploit the memorization

effect and achieve superior performance.
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4.3 Methodology

Let D be the distribution of a pair of random variables (X,Y) € X x
{1,...C’}, where X represents the feature instances, Y is the variable of
correct labels, X’ denotes the feature space, and C'is the number of classes.
In many real-world problems, examples independently drawn from the dis-
tribution D are unavailable. Before being observed, the clean labels are
usually randomly corrupted into noisy labels. Let D be the noisy distribu-
tion from which pairs (X,Y) of features and noisy labels are drawn. For
label noise learning, we can only access a sample set {z;, 7;)}7, indepen-
dently drawn from D. The aim is to learn a robust classifier from the noisy

sample set that can classify test instances accurately.

In the following, we first elaborate on the proposed progressive early
stopping (PES). Then, based on PES, we provide a learning algorithm that

learns with confident examples and semi-supervised learning techniques.

4.3.1 Progressive Early Stopping

When trained with noisy labels, if clean labels are of majority within each
noisy class, deep networks tend to first fit clean labels during an early
learning stage before eventually memorizing the wrong labels, which can

be explained by the memorization effect.

Many current methods utilize this property to counteract the influence
of noisy labels by stopping the optimization at an early learning phase.
Specifically, a deep classifier can be obtained by optimizing the following

objective function with a relatively small epoch number 7"
L S £(fws 0.3 4
Hgnn‘_1 25 9),Y:), (4.1)

where f(-;0) is a deep classifier with model parameters © and L is the
cross-entropy loss. When trained with noisy data, early learning regular-
ization (ELR)[72| reveals that, for the most commonly used cross-entropy
loss, the gradient is well correlated with the correct direction at the early
learning phase. Therefore, with a properly defined small epoch number

T', the classifier can have higher accuracy than at initialization. While, if
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Figure 4.2: Performance of the traditional early stopping trick and the
proposed PES on CIFAR-10 with different types of label noise. The lines
present the mean of five runs.

we continue to optimize the deep model after T' epochs, the classifier will
be able to memorize more noise labels. Therefore, it is critical to select a
proper epoch number T to utilize the memorization effect and alleviate the

influence of noisy labels.

Current methods typically select the epoch number T' by considering
the network as a whole. However, as Figure 4.1 makes clear, the impact
of noisy labels on different DNN layers are different, which implies that
the traditional early stopping trick, which optimizes the whole network all
at once, may make different DNN layers to be antagonistically affected by

each other, thus degrading the final model performance.

To this end, we propose to separate a DNN into different parts and
progressively train layers in different parts with different training epochs.
Specifically, assume that the whole network f(-;©) can be constituted with
L DNN parts

z1 = fi(x;01),
z1= filz1-1;60y), 1=2,...,L

where f;(+;0,) is the [-th DNN part and z; is the corresponding output.

(4.2)

The output of the last part z; is the prediction. The network f(-;0) can
also be represented as f(-;01,...01). To counteract the impact of noisy
labels, We initially optimize the parameter ©; for the first part by training

the whole network for 77 epochs with the following objective,

mln —ZC (2:;01,...,0L1), 7). (4.3)

..Or n 4
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Then, we keep the obtained parameter ©F fixed, reinitialize and progres-
sively learn the [-th (I = 2,...,L) DNN part with the parameters for
preceding DNN parts fixed. The training procedure is conducted with 7;
epochs by optimizing the following objective,

mln —ZE fl@i;07,...,0]1,0,,...,01),%;), [=2...L (4.4)

0L M 4

We gradually optimize the (I + 1)-th DNN part with the obtained pa-
rameter O; fixed, the optimization is continued until all the parameters
have been optimized. As elaborated above, latter DNN parts are more
sensitive to noisy labels than their former counterparts. Therefore, for the
above initializing optimization in Eq. (4.3) and the following L — 1 steps
of optimization in Eq. (4.4), we gradually reduce the training epochs (i.e.
T, > Ty > --- > 1T}) to better exploit the memorization effect. After op-
timization, we can obtain the final network as f(-,0) = f(-;07,...,07).
Since this model is obtained by progressively exploiting the early stopping
strategies for different DNN parts, we term the proposed method as pro-
gressive early stopping (PES).

To explicitly verify the effectiveness of the proposed PES method, we
conduct several pilot experiments, which compare the traditional early stop-
ping and PES with label noise from different types and different levels. The
results are illustrated in Figure 4.2, from which we can see that, compared
with models trained with traditional early stopping, models trained with
PES can achieve superior classification accuracy with smaller variations in
all the cases. Current state-of-the-art methods [65] usually adopt models
with the traditional early stopping as base models to distill confident ex-
amples and then utilize semi-supervised learning techniques by considering
confident examples as labeled data and other noisy examples as unlabeled
data to further improve the results. The final performance still heavily
relies on the base model trained with noisy labels. By improving the per-
formance of the base model, our method combined with semi-supervised
learning techniques is able to establish new state-of-the-art results. In the
following subsections, we will elaborate on how to utilize PES to distill

confident examples and further combine it with semi-supervised learning
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techniques. For all the experiments in this chapter, we separate networks
by their modules. This approach is rooted in the observation that contem-
porary deep networks often integrate intricate designs within their modules,
featuring elements like residual connections. Simply re-initializing parts of
these modules can potentially have significant impacts on other intercon-
nected areas. Therefore, based on our experience, we advocate for breaking

down networks by their modules.

4.3.2 Learning with Confident Examples

Based on the deep network optimized with progressive early stopping, we
can select confident examples to facilitate the model training. Here, con-
fident examples refer to examples that have high probabilities with clean
labels. In this chapter, we treat examples whose predictions are consistent
with given labels as confident examples. In addition, to make the results
more robust, we generate two different augmentations for any given input
and use the average prediction to decide its predicted label. Formally, we

can obtain the confident example set D; as

Dy = {(24, 5)|9i = Gi,i = 1,...,n},

. 1 .. . (4.5)
i = argmax 5 [f*(Augment(z;); ©) + f*(Augment(z;); ©)],

where Augment(-) indicates normal data augmentation operation includ-
ing horizontal random flip and random crops, and f¢(z; ©) is the predicted
probability of x belonging to class ¢. Note that Augment(-) is a stochastic
transformation, so the two terms in Eq (4.5) are not identical. The average
prediction of augmented examples provides a more stable prediction and
is found empirically to improve performance. After obtaining the confi-
dent example set, one can easily train a classifier by considering confident
examples as clean data. However, since the number of confident exam-
ples for different classes can vary greatly, directly training the model with

the obtained confident example set may introduce a severe class imbalance
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problem. To this end, we adopt a weighted classification loss,

Ly = ngiﬁ(givf(xi;@))v (4.6)

where wy, denotes the weight for the class of the i-th example. The set of
confident examples for class c is denoted by o., which indicates the number
of confident examples belonging to class ¢ within the labeled dataset D;.
Therefore, the weight w, for each class can be determined by the proportion
of confident examples in that class relative to the total number of confident

examples across all classes: w. = 0./ (ch:l g;).

4.3.3 Combining with Semi-supervised Learning

Training with only confident examples neglects the rest of the data and
may suffer from insufficient training examples. To tackle this problem, we
further resort to semi-supervised learning techniques by considering confi-
dent examples as labeled data and other noisy examples as unlabeled data.

Specifically, the labeled data set and unlabeled data set can be obtained as

Dy = {(24, §0)|G: = Gisi = 1,..n}
D, = {xi|9; # 0i,i = 1,..n} (47

1
{J; = arg max §[fc(Augment(xi); ©) + f¢(Augment(z;); )],
ce{1,..C}
where the labeled data set D; is the same as that in Eq (4.6), and D, is
the rest unlabeled data set. Similar to [65], we adopt MixMatch [11] as the
semi-supervised learning framework to train the final classification models.
For more details about semi-supervised learning, we refer to [11]. The

whole learning algorithm is summarized in Algorithm 2.

4.4 Experiments

4.4.1 Datasets and Implementation Details

Datasets: We evaluate our method on two synthetic datasets, CIFAR-
10 and CIFAR-100 [59] with different levels of symmetric, pairflip, and
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Algorithm 2: Progressive Early Stopping with Semi-Supervised
Learning

1 Input: Neural network with trainable parameters © = {©;,...,0},
Noisy training dataset {z;, ;) }’,, Number of training epochs for
different part: T1,...,7T, and training epochs T, for refining with
confident examples.

2 for:=1,...,7 do

3 ‘ Optimize network parameter © with Eq. (4.3);

4 end

5 for [ =2, ..., Ldo

6 Froze {©1,...,0, 1} and re-initialize {©,...,0};
7 fori=1,...,7, do

8 | Optimize network parameter {©;,...,0} with Eq. (4.4);
9 end

10 end

11 Unfroze ©;

12 fori=1,...,7T. do

-
w

Extract confident example set D; and unlabeled set D, with
classifier f(-,©) by Eq. (4.7);

14 Training the classifier f(-,©) with MixMatch loss on D; and D,;
15 end

16 Evaluate the obtained classifier f(-,©).

instance-dependent label noise (abbreviated as instance label noise) and
a real-world dataset ClothinglM [130]. Both CIFAR-10 and CIFAR-100
contain 50k training images and 10k test images of size 32 x 32. Following
previous works [42, 128, 72, 124], symmetric noise is generated by uniformly
flipping labels for a percentage of the training dataset to all possible labels.
Pairflip noise flips noisy labels into their adjacent class. And, instance
noise is generated by image features. More details about the synthetic
label noise are given in the supplementary material. For the flipping rate,
it can include [42, 128| or ex-include [65, 72| true labels. We use the flipping
rate including correct labels in Table 4.3 to compare with results in [65],
and use without correct labels in the rest of the experiments. ClothinglM
[130] is a large-scale dataset with real-world noisy labels, whose images are
clawed from the online shopping websites, and labels are generated based on
surrounding texts. It contains 1 million training images, and 15k validation

images, and 10k test images with clean labels.
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Table 4.1: Preliminary analysis of the performance and the quality of
extracted confident examples on CIFAR-10. The mean and standard devi-
ation are computed over five runs.

Metrics Methods Sym-20% Sym-50% Pair-45% Inst-20% Inst-40%

Test Accuracy Early Stopping | 82.55+2.46 70.76+£1.24 60.62+5.59 84.41£0.90 74.73£2.65
i Y PES 85.87+1.59 | 75.87+1.33 | 62.40+2.34 | 86.58+0.45 | 77.07+£1.18
.. Early Stopping | 98.81+0.15 | 94.65+0.19 | 72.53+5.26 | 98.70+0.43 | 90.77+1.87

Label Precision
PES 98.96+0.09 | 95.46+0.14 | 72.99+£2.27 | 98.52+0.19 | 90.63+0.92
Label Recall Early Stopping | 88.51+2.26 75.184+1.00 67.84+5.06 90.37£1.01 82.15+£3.17
- PES 92.67+1.43 | 81.03+1.83 | 71.06+2.27 | 93.24+0.60 | 85.91+0.68

Baselines: Semi-supervised learning may strongly boost the perfor-
mance, we separately compare our method with approaches with or with-
out semi-supervised learning. For the comparison with baselines with semi-
supervised learning, we combine our proposed method with MixMatch used
in [65] as indicated in Subsection 4.3.3. (1) Approaches without semi-
supervised learning: Co-teaching [42], Forward [97], Joint Optim [108],
T-revision [128], DMI [131], and CDR [124]. (2) Methods with semi-
supervised learning: M-correction [3|, DivideMix [65], and ELR+ [72]. We
also adopt standard training with cross-entropy (CE) and MixUp [141] as

baselines to show improvements.

Network structure and optimization: Our method is implemented
by PyTorch v1.6. Baseline methods are implemented based on public codes
with hyper-parameters set according to the original papers. For DivideMix
and ELR+, we evaluate the test accuracy with the first network. To better
demonstrate the robustness of our algorithm, we keep the hyper-parameters
fixed for different types of label noise. More technique details are given in

the supplementary material.

For experiments without semi-supervised learning, we follow [128], and
use ResNet-18 [45] for CIFAR-10 and ResNet-34 for CIFAR-100. We split
networks into three parts, the layers above block 4 as part 1, block 4 of
ResNet as part 2, and the final layer as part 3. 77 is defined as 25 for
CIFAR-10 and 30 for CIFAR-100, T3 as 7, and T3 as 5. The network is
trained for 200 epochs and SGD with 0.9 momentum is used. The initial
learning rate is set to 0.1 and decayed with a factor of 10 at the 100th and
150th epoch respectively, and a weight decay is set to 10~*. For T, and T5,

we employ an Adam optimizer with a learning rate of 107
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For experiments with semi-supervised learning, we follow the setting
of [65] with PreAct Resnet-18. We set the final layer as part 2, the rest as
part 1. T7 is defined as 20 for CIFAR-10 and 35 for CIFAR-100, and 715 as
5. The network is trained for 300 epochs. For optimization, we use a single
cycle of cosine annealing [78], and the learning rate begins from 2 x 1072
and ends at 2 x 107*, with a weight decay of 5 x 107*. An Adam optimizer
is adopted with a learning rate of 10~* for T,. For hyper-parameters from

MixMatch, we set them according to the original paper [11].

For ClothinglM [130], we follow the previous work [108], and employ
a ResNet-50 [45] pre-trained on ImageNet [60]. We set the final layer as
part 2, the rest as part 1. 77 and T, are defined as 20 and 7 respectively.
The network is trained with CE loss for 50 epochs and SGD is used with
0.9 momentum and a weight decay of 1073. The learning rate is 5 x 1073
and decayed by a factor of 10 at the 20th and 30th epoch respectively. We

employ an Adam optimizer with a learning rate of 5 x 1076 for T5.

4.4.2 Preliminary Experiments

In Figure 4.2, we can observe that with the PES trick, the performance of
classifiers is generally improved compared with that the traditional early
stopping trick. In this section, we further carefully analyze the quality of
extracted labels by examining them from three aspects, i.e., test accuracy,
label precision, and label recall. Here, label precision indicates the ratio
of the number of extracted confident examples with correct labels in the
total confident example set, and label recall represents the ratio of the
number of confident examples with correct labels among the total correctly
labeled examples. Specifically, we train a neural network on CIFAR-10
with different kinds and levels of label noise for 25 epochs respectively and
report the performance for each case before and after the proposed PES is

applied.

Results in Table 4.1 clearly show that, compared with the traditional
early stopping, PES can help to obtain higher accuracies, precisions, and
recalls for most cases. For instance-dependent label noise, PES can achieve
higher recall values with comparable label precision values. Note that mod-

els with high recall values can help to collect more confident examples,
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Table 4.2:

Comparison with state-of-the-art methods without semi-

supervised learning on CIFAR-10 and CIFAR-100. The mean and standard
deviation computed over five runs are presented.

, Symmetric Pairflip Instance
Dataset | Method 20% 50% 5% 20% 0%
CE 84.00+0.66 75.51+1.24 63.344+6.03 85.104+0.68 77.00£2.17
Co-teaching | 87.164+0.11 | 72.804+0.45 | 70.114+1.16 | 86.544+0.11 | 80.9840.39
Forward 85.63+0.52 | 77.92+£0.66 | 60.15+1.97 | 85.29+0.38 | 74.72+3.24
CIFARI0 | Joint Optim | 89.70+0.11 | 85.00+0.17 | 82.63+1.38 | 89.69+0.42 | 82.62+0.57
T-revision | 89.634+0.13 | 83.40+0.65 | 77.06+6.47 | 90.46+0.13 | 85.374+3.36
DMI 88.184+0.36 | 78.284+0.48 | 57.60+14.56 | 89.144+0.36 | 84.78+1.97
CDR 89.724+0.38 | 82.64+£0.89 | 73.67+0.54 | 90.41+0.34 | 83.07+1.33
Ours 92.38+0.40 | 87.45+0.35 | 88.43+1.08 | 92.69+0.44 | 89.73+0.51
CE 51.434+0.58 | 37.69+3.45 | 34.10£2.04 | 52.19+1.42 | 42.264+1.29
Co-teaching | 59.2840.47 | 41.3740.08 33.2240.48 57.2440.69 45.69+0.99
Forward 57.754+0.37 | 44.66+£1.01 | 27.884+0.80 | 58.76+0.66 | 44.5040.72
CIFARI100 | Joint Optim | 64.554+0.38 | 50.22+0.41 | 42.61£0.61 | 65.15+0.31 | 55.57+0.41
T-revision 65.404+1.07 50.24+1.45 41.1041.95 60.7140.73 51.5440.91
DMI 58.73+£0.70 | 44.25+1.14 | 26.90£0.45 | 58.05+£0.20 | 47.36+£0.68
CDR 66.52+0.24 | 55.30+0.96 | 43.87+1.35 | 67.33+0.67 | 55.9440.56
Ours 68.89+0.45 | 58.90+2.72 | 57.18+1.44 | 70.49+0.79 | 65.68+1.41

which is critical for learning with confident examples and semi-supervised
learning. Therefore, by enhancing the performance of the initial model,
PES can help to improve the final classification performance in all cases,

which is also verified by the experiments in Section 4.4.3.

4.4.3 Classification Accuracy Evaluation

We first verify the effectiveness of PES without
semi-supervised learning techniques on two synthetic datasets: CIFAR-10
and CIFAR-100. For both of these two datasets, we leave 10% of data

with noisy labels as noisy validation set. Results are presented in Table

Synthetic datasets.

4.2, which shows that our proposed method can consistently outperform

all other baselines across various settings by a large margin.

Table 4.3 and Table 4.4 present the mean accuracy and standard de-
viation for our method and all baselines on CIFAR-10 and CIFAR-100,
respectively. From the results, we can see that the proposed method can
outperform all baselines in all cases. For pairflip label noise, the advan-
tages of our proposed method become more apparent, and it significantly
outperforms state-of-the-art methods by over 8% on both CIFAR-10 and
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Table 4.3: Comparison with state-of-the-art methods with semi-
supervised learning on CIFAR-10 and CIFAR-100 with symmetric label
noise from different levels. Results with * are token from [65]. The mean
and standard deviation are computed over three runs.

Dataset CIFAR-10 CIFAR-100

Methods / Noise | Sym-20% | Sym-50% | Sym-80% | Sym-20% | Sym-50% | Sym-80%
CE 86.5+0.6 | 80.6+0.2 | 63.7+0.8 | 57.9+£0.4 | 47.3+0.2 | 22.3+1.2
MixUp 93.240.3 | 88.24+0.3 | 73.3£0.3 | 69.5+0.2 | 57.1+£0.6 | 34.14+0.6

M-correction* 94.0 92.0 86.8 73.9 66.1 48.2

DivideMix* 95.2 94.2 93.0 75.2 72.8 58.3
DivideMix 95.64+0.1 | 94.6+0.1 | 92.9+0.3 | 75.3+0.1 | 72.7+0.6 | 56.440.3
ELR+ 94.940.2 | 93.6£0.1 | 90.4+0.2 | 75.5+0.2 | 71.0+0.2 | 50.440.8
Ours (Semi) 95.94+0.1 | 95.1+£0.2 | 93.1+0.2 | 77.4+0.3 | 74.3+0.6 | 61.6+0.6

Table 4.4: Comparison with state-of-the-art methods with semi-
supervised learning on CIFAR-10 and CIFAR-100 with instance-dependent
and pairflip label noise from different levels. The mean and standard devi-
ation are computed over three runs.

Dataset CIFAR-10 CIFAR-100
Methods / Noise | Inst-20% | Inst-40% | Pair-45% | Inst-20% | Inst-40% | Pair-45%
CE 87.54+0.5 | 78.940.7 | 74.941.7 | 56.84+0.4 | 48.24+0.5 | 38.54+0.6
MixUp 93.3+0.2 | 87.6+0.5 | 82.44+1.0 | 67.14+0.1 | 55.04+0.1 | 44.240.5
DivideMix 95.54+0.1 | 94.54+0.2 | 85.6+1.7 | 75.240.2 | 70.94+0.1 | 48.24+1.0
ELR+ 94.940.1 | 94.3£0.2 | 86.1£1.2 | 75.840.1 | 74.3+0.3 | 65.3%+1.3
Ours (Semi) 95.940.1 | 95.3+0.1 | 94.5+0.3 | 77.6+0.3 | 76.1+0.4 | 73.6+1.7

CIFAR-100. These empirical results support our proposal that PES can
improve the quality of selected confident examples, which helps improve

performance and reduce the variance of the final classifier.

Real-world dataset. We evaluate the performance of the proposed
method on a real-world dataset with ClothinglM [130] and select methods
such as CE, Forward, Joint-Optim, DMI, and T-revision, which use a single
network, and also methods such as DivideMix and ELR+, which adopt an
ensemble model with two different networks, as baselines. We also report
the results for the proposed PES with a single network as ours and the
results for PES, which ensembles two networks, as ours*. The overall results
are reported in Table 4.5, from which we can observe that the proposed PES
with a single network can outperform all baselines using a single network.
And with an ensemble model, which contains two different networks, our

method can outperform all the adopted baselines. These results clearly
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Table 4.5: Compassion with state-of-the-art methods on Clothingl M. Re-
sults of baseline methods are taken from the original papers. ours represent
the results obtained by PES with a single network and ours® indicate the
results obtained by PES with an ensemble model.

CE | Forward | Joint-Optim | DMI | T-revision | DivideMix* | ELR+* | Ours | Ours*
69.21 69.84 72.16 72.46 74.18 74.76 74.81 | 74.64 | 74.99
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Figure 4.3: Sensitivity analysis for different training iteration numbers:
T2 and T3.

demonstrate that, by enhancing the performance of the initial classification
network, our method exhibits greater flexibility and robustness in handling

such real-world noise problems.

4.4.4 Sensitivity Analysis

In this section, we investigate the hyper-parameter sensitivity for the train-
ing iteration number T5 and T3, respectively. We firstly analyze the training
epoch number for the second DNN part by varying T, from the range of
[0,10]. The results are illustrated in Figure 4.3(a), from which can find
that, with the increasing of Ts, the performance of PES first increase and
then decrease in all the cases except for 45% Pairflip noise on the CIFAR-10
dataset. While the model achieves the best performance with 75 as 7 for
all types of noisy labels. Then we fix T, as 7, and analyze the impact of
the third DNN part by varying 73 from the range of [0, 10]. The results are
shown in Figure 4.3(b). Although the performance variance for different 73

is smaller than that for 75, we can still observe that the best performance
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Table 4.6: Training time comparison for baselines on CIFAR-10 with 50%
Symmetric label noise.

CE | Co-teaching | CDR | T-revision | ELR+ | DivideMix | Ours | Ours (Semi)
0.9h 1.5h 3.0h 3.5h 2.2h 5.5h 1.0h 3.1h

can be obtained when T3 is set as 5. More importantly, from these two
figures, we can get that both Ty and T3 are robust to the different types of

noisy labels.

4.4.5 Training Time Comparison

In this section, we compare the training time of our method and other
state-of-the-art baselines. All the experiments are conducted on a server
with a single Nvidia V100 GPU. The training times for all the methods
are reported in Table 4.6, from which we can get that our algorithm with
cross-entropy loss achieves the fastest speed across all baselines, only about
1 hour. Our method combining with MixMatch [11] is also fast, only a little
more than half of the training time of DivideMix. The time of ELR+ [72]
shows superior, but ELR+ trains the network with fewer epochs, with 200

epochs compared with ours for 300 epochs.

4.5 Summary

In this chapter, we provide a progressive early stopping (PES) method to
better exploit the memorization effect of deep neural networks (DNN) for
noisy-label learning. We first find that the impact of noisy labels for former
layers in a DNN is much less and later than that for latter DNN layers, and
then build upon this insight to propose the PES method, which separates
a DNN into different parts and progressively train each part to counteract
the different impacts of noisy labels for different DNN layers. To show that
PES can boost the performance of state-of-the-art methods, we conduct ex-
tensive experiments across multiple synthetic and real-world noisy datasets
and demonstrate that the proposed PES can help to obtain substantial
performance improvements compared to current state-of-the-art baselines.

The main limitation of our method lies in that, by splitting a DNN into
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different parts, PES introduces several additional hyper-parameters that

need to be tuned carefully.
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Chapter 5
Applicability of Early Stopping

This chapter focuses the applicability of early stopping techniques within
the context of self-supervised learning. Most recent self-supervised learn-
ing methods learn visual representation by contrasting different augmented
views of images. Compared with supervised learning, more aggressive aug-
mentations have been introduced to further improve the diversity of training
pairs. However, aggressive augmentations may distort images’ structures,
leading to a severe semantic shift problem where augmented views of the
same image may not share the same semantics, thus degrading the transfer

performance.

Furthermore, in self-supervised learning, the generated representations
function similarly to labels in supervised learning. Consequently, semantic
shift problem resulting from aggressive augmentations can be equated to
a form of label noise. To address this problem, we propose a new SSL
paradigm that counteracts the impact of semantic shifts by balancing the
roles of weak and aggressively augmented pairs. Specifically, semantically
inconsistent pairs are of minority, and we treat them as noisy pairs. Note
that deep neural networks (DNNs) have a crucial memorization effect that
DNNs tend to first memorize clean (majority) examples before overfitting
to noisy (minority) examples. Therefore, we set a relatively large weight
for aggressively augmented data pairs at the early learning stage. With
the training going on, the model begins to overfit noisy pairs. Accord-
ingly, we gradually reduce the weights of aggressively augmented pairs. In
doing so, our method can better embrace aggressive augmentations and
neutralize the semantic shift problem. Experiments show that our model
achieves 73.1% top-1 accuracy on ImageNet-1K with ResNet-50 for 200
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epochs, which is a 2.5% improvement over BYOL. Moreover, experiments
also demonstrate that the learned representations can transfer well to var-

ious downstream tasks.

5.1 Motivations and Contributions

Representative contrastive methods are generally trained by maximizing
agreement between differently augmented views of the same image (pos-
itive pairs), and increasing the distance between augmented views from
different images (negative pairs) [123, 19, 43]. Compared with supervised
learning, these works highlight the role of data augmentation for SSL and
design more aggressive augmentation operations. Here, we refer aggressive
augmentations as the operations that can possibly change the semantics
of images, such as grayscale, color jitter, and Gaussian blur. Other used
augmentations are referred as weak augmentations. It should be noted that
the random cropping operation can also change the semantic information,
however, this issue can be properly addressed by exploiting object detec-
tion techniques [105, 87|. Therefore, we do not include the random cropping
operation as an aggressive augmentation. Although the aggressive augmen-
tations can help to further improve the model performance, they also bring
a severe semantic shift problem for training images. As illustrated in Figure
5.1, the first row shows original images from ImageNet [60] and CIFAR-100
[59] datasets. And the second row presents the corresponding augmented
views with the widely used composition of augmentations |20, 19]. We can
see that the augmented views can be hardly recognized as semantically con-
sistent with their original versions. Pushing these images to have similar
representations can adversely affect the model training, so we consider the
semantically inconsistent pairs as noisy pairs. However, due to the diversity
of training images and the randomness of augmentation, it is difficult to
accurately measure the quality of augmented pairs. Attempting to roughly
remove noisy pairs may result in a decrease in performance since they are

mixed with clean (semantic consistent) pairs.

Fortunately, recent works [4, 140, 42, 56, 72] show that deep neu-

ral networks (DNNs) have a crucial memorization effect that DNNs tend
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to first memorize clean (majority /semantically consistent) examples before
overfitting noisy (minority /semantically inconsistent) examples. Motivated
by this, we propose a method called Reducing Semantic shift from Aggres-
sive augmentation (RSA) by dynamically adjusting the weights of clean
and noisy pairs. Specifically, to counter the impact of the semantic shift
problem, we introduce aggressive-weak augmented pairs, which are rela-
tively cleaner than aggressive-aggressive pairs. At the beginning of the
training process, we assign a high weight to aggressive-aggressive pairs and
a lower weight to aggressive-weak pairs to maximize the utilization of all
training examples. As training progresses, the model starts to overfit data
that is semantically inconsistent. Since weak augmentations are less likely
to induce semantic shifts and most semantically inconsistent data stems
from aggressively augmented pairs, we progressively increase the weight
of the aggressive-weak pairs. Simultaneously, we reduce the weight of the

aggressive-aggressive pairs to reduce the impact of semantic inconsistencies.

Empirical results on multiple benchmark datasets show that our method
can outperform state-of-the-art methods in various settings with a large
margin. For instance, with 200 epochs of pre-training, our method achieves
73.1% Top-1 accuracy on ImagetNet-1K [60]| linear evaluation protocol,
which is 2.5% higher than BYOL [40]. Experiments on MS COCO [70] also
show that our pre-trained model can continually improve the performance

for multiple downstream tasks.

5.2 Related Work

Self-supervised learning (SSL) has attracted great attention to cap-
ture universal representations |54, 143, 94, 120, 17, 31, 145]. The core
of SSL is designing agent tasks, which allow us to learn representations
from large-scale unlabeled data via pseudo labels instead of using any hu-
man annotations. To this end, many proposals devise different solutions for
constructing pseudo labels, including predicting the rotation of images [36],
putting pieces of images together [92], or recovering color from grayscale
images [142|. Particularly, Wu et al. [123] propose an instance-level classifi-

cation, which regards images augmented from the same image as a positive
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(a) Noisy samples from ImageNet-1K  (b) Noisy samples from CIFAR-100

Figure 5.1: The first row is the original images (ImageNet-1K [60] images
are resized to squares) and noisy samples from aggressive augmentation are
in the second row. From the first three images of (a), we can observe that
Color jitter operation makes the image too bright or too dark that covers
the details of images; and in the fourth and fifth columns of (a), Grayscale
and Gaussian blur operation leads images to be hardly distinguished from
the background; and the same augmentation strategy from ImageNet-1K
leads to more vague images for CIFAR-100 [59] shown in (b).

pair and others as negative examples. SImCLR [19] improves performance
by inserting the projection network and introducing aggressive augmenta-
tion. He et al. [43, 20] store negative representations in a queue to reduce
the memory requirement. BYOL [40] enhances the power of SSL by remov-
ing the dependence on negative examples, which also addresses the problem
of false negative examples [24]. Despite these methods having proved their
effectiveness based on aggressive augmentation, they ignore the semantic

shift problem from it.

Noisy samples in aggressive augmentation. Recent studies [119,
105, 87, 98] have discovered that aggressive augmentation may generate
noisy samples in the positive pairs. To alleviate this issue, ContraCAM
[87] proposes a two-step approach to reduce the issue of random cropping,
which seeks objects first and then crops images based on their locations.
In addition, Gansbeke et al. [115] conduct experiments on scene-centric
datasets (e.g., COCO) containing multiple objects in images and argue
that SSL can overcome the issue of random cropping. Since the issue of
random cropping has been well studied, our work focuses on other types of

augmentations, which can be viewed as a complement to previous studies.

Learning with noisy labels. Reducing the semantic shift problem

in SSL is similar to another well-studied topic in machine learning, learning
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with noisy labels [73, 128, 135, 127, 134]. In this field, many state-of-the-
art methods use the memorization effect to select confident examples in
the early learning phase [93, 108, 65]. Specifically, Co-teaching [42] uses
the early stopping trick and the small-loss strategy to choose confident ex-
amples. PES [7] finds examples with noisy labels have more detrimental
effects on the latter layers, and improves the early stopping trick by pro-
gressively training each part of DNNs. However, directly using the early
stopping trick is difficult in SSL because noisy pairs are randomly generated
by aggressive augmentations over epochs while samples with noisy labels
are fixed in learning with noisy labels. Besides, roughly removing noisy
pairs is more likely to delete many clean pairs by mistake, especially in the

low noise rate case.

5.3 Methodology

Our approach aims to minimize the detrimental impacts of semantically
inconsistent (noisy) pairs from aggressive augmentations while taking ad-
vantage of aggressive augmentations. As such, we first revisit preliminaries
on self-supervised learning. Then, we elaborate on the proposed learning
algorithm that counterbalances the noise impacts by utilizing the memo-
rization effect of DNNs.

5.3.1 Preliminaries on Self-supervised Learning

Self-supervised learning methods based on contrastive learning generally
require learning an embedding space that can easily separate different ex-
amples. Let D be a set of images, and an image z; is uniformly drawn from
D. Denote t and t' as two different instances from the same distribution
of image augmentation T. v and v’ are two augmented views of the image
x; with v = t(x;) and v = ¢/(x;), which are regarded as a pair of positive
examples. Then, v and v" will separately feed through an encoder fy and a
projector gy to embed z and z’, which are required to be close to each other

via a contrastive loss function, e.g., InfoNCE [95] can be expressed as,

exp(z - 2'/7)
exp(z - 2'/7) + D ,en exp(z - n/7v)’

ENCE = —log (51)
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where 7 is a temperature parameter, and N is a set of negative example vec-
tors. The embeddings of positive and negative examples are lo-normalized.
To stabilize the training process, some state-of-the-art methods [43, 145,
58] employ an asymmetric framework, including an online network and a
target network. For the online and target networks, they have the same net-
work structure but different weights of encoder f¢, and projector g, whose
parameters £ are updated by the online parameters § with the exponential

moving average method.

Recently, BYOL [40] found negative examples are not necessary and
added a predictor ¢y in the online network to avoid collapsed solutions, e.g.,
all images have the same vector. And, the loss function can be simplified

to,

(z,7)

Lose =2 — 2% —————.
- [12]]2 % 11212

5.3.2 Description of RSA

As discussed in Introduction, noisy pairs from aggressive augmentations will
lead to a severe semantic shift problem, which damages the generalization
on downstream tasks. However, most of the sample pairs generated from
aggressive augmentations are beneficial for the model performance, and
what precise degree of distortion would cause bias remains unknown, so it
is hard to distinguish between clean pairs and noisy pairs in SSL. Instead
of separating noise from training data, we employ weak augmentation to

generate sample pairs as relatively clean pairs.

To this end, we propose an efficient method to reduce semantic shift
from aggressive augmentations, dubbed RSA. Envisioned by the memoriza-
tion effect, DNNs will first fit clean pairs (majority /semantically consistent)
of training data in the early learning phase and then overfit to noisy pairs
(minority /semantically inconsistent). Noisy pairs account for the minority,
so we assume that the noise impacts will be small and then increases as the
training process. We give different weights to clean and noisy pairs, and

gradually reduce the weights of noisy pairs against raised noise impacts.
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Figure 5.2: The illustration of our proposed method (RSA). We utilize
an asymmetric-style framework, including an online network and a target
network. The online network is optimized by gradients, and the target
network is updated with the exponential moving average strategy. We first
adopt the weak augmentation to generate two views (v, v/, ), then adopt
the aggressive augmentations to further generate another two views (v,
vl). Subsequently, we make aggressive-augmented views to keep consistent
with their corresponding weak- and aggressive-augmented views in the em-
bedding space. On the right of the image, we compare RSA with classical
SSL methods. RSA forces learned representations to a balance between
weak- and aggressive-augmented views. (Best viewed in color)

However, simply introducing clean pairs will significantly increase com-
putation, and SSL has known that more computation will increases per-
formance, which makes it difficult to fairly compare with other baselines.
To limit computation, we meet two problems. First, generating more aug-
mented instances, especially double instances, commonly means expensive
computation, largely burdening CPU and hard disk, which leads to slow
data processing down and low efficiency of GPU [19]. Second, more in-
stances require more back-propagation times, which results in more pro-

cessing time for GPU.

To address the first problem, we propose a novel data augmentation
pipeline, called multi-stage augmentation, which can generate double in-
stances with nearly the same resources. Specifically, data augmentation
generates image variants by mixing different types of image transformation
and arranging them into a queue. For a transformation, it receives an image

from the result of the previous transformation and transforms the image
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based on pre-defined probability, and then passes it to the next transfor-
mation, t,u,(z) = ta(tw(x)), where ¢, and t,, are two subsets of ¢,,,. Based
on this process, we can separate it into two child processes. Namely, ¢,
includes weak augmentation operations while ¢, conducts aggressive aug-

mentation operations based on ¢,,. This process can be described as,

<
g
I
~
S
&
4

(5.3)

w = tw(2),
o = ta(Vl,)-

For the second problem, we send aggressive augmented views to the
online network and weak augmented views to the target network, which
means each instance only forwards once. Accordingly, RSA requires back-
propagation twice, which is equal to many state-of-the-art SSL. methods
with a symmetrized loss [19, 21, 40, 17].

Za = qo(9o(fo(va))) 2w = ge(fe(vw)),

(5.4)
Za = 0(96(fo(v2))) 20 = ge(fe(vy,))-

After obtaining four representations, we group them into four pairs and
make each aggressive-augmented view to keep consistent with their corre-
sponding weak- and aggressive-augmented views in the embedding space.
For the corresponding aggressive-augmented views, rather than encoding
them on the target network, we use the representations from the online

network with a stop-gradient operation. The total loss is summarized as,

L= (1 - B)ﬁmse<zaa quﬂ) + 5£mse(2a; Z(Il)
+<1 - B)Emse(fzg; Zw) + 6£mse(zé; Za);

where [ is a calculated parameter to re-weight the losses from weak- and

(5.5)

aggressive-augmented views. This loss function forces networks to learn
representations that achieve a balance between weak- and aggressive-augmented
views, which reduces overfitting to noisy pairs while avoiding a simple so-
lution. As the training goes on, the noisy impacts will increase. We further
offset it by using the memorization effect, which decreases 3 with a cosine

decay equation,
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Algorithm 3: RSA: Reducing semantic shift

1 Input: Neural network fy and f;. Projector gy and ge. Predictor gs.
A batch of samples . An image set D. Total number of training
steps K. Weak augmentation function ¢,,. Aggressive augmentation
function t,. Hyper-parameter Spuse.

2 for k<1 to K do

3 x <+ D // Sample a batch of images

4 Uy < ty(x) and v), <t (x) // Multi-stage augmentation

5 Vg < ta(vy) and v}, <t/ (V)

6

7 | za < qo(90(fo(va))) and zy <= ge(fe(vw)) // Embedding for
four views

s | 2 e anlgo(foen)) and 2L, e gelfe(ol))

9

10 L+ (1= P8)Lmse(2a,2L) + BLinse(zay 20) + (1 = B) Lonse (2L, 20) +
BLuyse (24, Za)

11 B < Bpase X %(cos(w%) +1) // Decreasing [
12
13 Update fy, g9 and gy with £

14 Update f¢ and g¢ by slowly momentum updating with fy and gy
15 end

16 Output: The trained network fy

1

B = Bpase X 5(@8(%%) +1), (5.6)

where [y is a given number at the training beginning, and k and K are

the current training steps and the total training steps.

5.4 Experiments

5.4.1 Datasets and Implementation Details

Datasets: We assess the proposed method on six image datasets, from
small to large. We choose CIFAR-10/100 [59] for small datasets, and STL-
10 [25] and Tiny ImageNet [1] for medium datasets, and ImageNet-100 [112]
and ImageNet-1K [60] for large datasets. Note, ImageNet-100 contains 100
classes that are randomly selected from ImageNet-1K [60] and we choose the
same classes with [112|. For STL-10, both 5k labeled and 100k unlabeled
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Table 5.1: Analysis of the multi-stage augmentation and the memoriza-
tion effect. We run methods on small and medium datasets for 200 epochs,
and on ImageNet-100 for 100 epochs. The mean and standard deviation
are computed over three trials. Note that two augmented instances with
aggressive augmentation are referred to as AA, instances with one aggres-
sive and one weak augmentation as AW, and instances with multi-stage
augmentation as MA.

Method | Aug. Ié] CIFAR-10 | CIFAR-100 | STL-10 | Tiny ImageNet | ImageNet-100

BYOL | AA - 90.240.0 63.9+0.5 | 91.3£0.1 49.5+0.1 80.9

BYOL | AW - 90.5£0.2 66.1+£0.3 | 90.7£0.0 51.1+0.3 81.2
RSA MA | Fixed | 91.3+0.2 66.5+£0.0 | 92.8+0.2 53.9£0.2 83.2
RSA MA | Decay | 92.1+0.0 | 67.6£0.3 | 93.0+0.2 54.7+0.3 83.5

images are used for the pre-trained model, and only 5k labeled images are

used for the linear evaluation.

Augmentation: In this chapter, we define "aggressive" augmentation
including grayscale, color jitter, and Gaussian blur, while "weak" augmen-
tation includes random crop and horizontal flip. The hyper-parameters of
the augmentations are following MoCo v2 [20] except for the size of the
cropped images for the small and medium datasets, and we resize images

to 32 x 32 and 64 x 64 for the small and medium datasets, respectively.

Baselines: For the comparison, we re-implement the state-of-the-art
methods, SImCLR [19], MoCo v2 [20], SimSiam [21], and BYOL [40] based
on the public codes. We follow [21] that implements the MoCo v2 with a
symmetrized loss function, and set the exponential moving average factor
For BYOL [40] on the small and medium

datasets, we follow [40], and set the channel inner layer of 1024 in the

to 0.99 for all experiments.

projection and prediction MLP and the output feature is 128. We initially
set the exponential moving average factor as 0.99 and gradually enlarge it
to 1.

Network structure and optimization: Our method and repro-
duced methods are implemented by PyTorch v1.8 and we conduct all ex-
periments on Nvidia V100. Our method is based on our reproduced BYOL
[40]. For the pre-train stage on the small and medium datasets, we adopt
ResNet-18 [45] as a backbone. For optimization, we use SGD optimizer

with a cosine-annealed learning rate of 0.1 [78], a momentum of 0.9, weight
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decay of 5 x 107%, and a batch size of 256. We set [pase = 0.3 for CIFAR-
10/100 and Spese = 0.4 for Tiny ImageNet and STL-10.

For the pre-train stage on large datasets, we adopt a standard ResNet-
50 [45] as a backbone. For ImageNet-100, the network is trained using
SGD optimizer with a single cycle of cosine annealing [78|, and an initial
learning rate of 0.2, a momentum of 0.9, weight decay of 10™*, and a batch
size of 256. We conduct ImageNet-1K experiments with 8x Nvidia V100
32G with Automatic Mixed Precision (AMP) package [85]. Specifically, we
follow [40], and train a network with a LARS optimizer [136] with a single
cycle of cosine annealing [78], a momentum of 0.9, weight decay of 107°,
and a batch size of 2048. The base learning rate starts from 0.9 and 0.6 for
100 and 200 epochs respectively, linearly scaled by the times of batch size
256 [39]. We set [pase = 0.4 for ImageNet-100 and ImageNet-1K.

Evaluation: We evaluate the representations of the pre-trained model
with the linear evaluation protocol, which freezes the encoder parameters
and trains a linear classifier on top of the pre-trained model. For the small
and medium datasets, we follow the setting in MoCo v2 [20] and train a
linear classifier for 100 epochs with an initial learning rate of 30, no weight
decay, and a momentum of 0.9. The learning rate will be multiplied by 0.1
at the 60 and 80 epochs. For the large datasets, we follow the evaluation
setting in Mean Shift [58], which only requires 40 epochs and a batch size
of 256. The linear classifier is trained with SGD and an initial learning rate
of 0.01, weight decay of 107%, and a momentum of 0.9. The learning rate
will be multiplied by 0.1 at 15, 30, and 40 epochs.

5.4.2 Preliminary Analysis

In Table 5.1, we investigate the effectiveness of the proposed multi-stage
augmentation and the memorization effect. We first compare the linear
classification of BYOL with two aggressive augmentations (AA) and with
one aggressive and one weak augmentation (AW) and RSA with multi-
stage augmentation (MA) without memorization effect (fixed ). From
the second row, we can see that BYOL with AW can largely improve the
performance on CIFAR-100 and Tiny ImageNet, and mildly improve the
performance on CIFAR-10 and ImageNet-100, but the network suffers from
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Table 5.2: Performance comparison with linear classification on small
and medium datasets for 200 and 800 epochs. We adopt a ResNet-18 as
a backbone for all experiments. The mean and standard deviation are
computed over three trials.

CIFAR-10 CIFAR-100 STL-10 Tiny ImageNet
200 ep 800 ep 200 ep 800 ep 200 ep 800 ep 200 ep 800 ep
SimCLR 88.3+0.2 91.1 59.5+0.3 63.8 87.91+0.4 91.0 46.7+0.1 48.4
MoCo v2 87.1+0.2 91.4 60.3+0.4 65.0 88.440.3 91.3 47.8+0.4 50.1
SimSiam 86.9+0.1 91.1 55.840.9 62.4 85.0+0.4 89.7 | 41.240.3 44.5

BYOL 90.2+0.0 92.7 63.9140.5 68.2 91.3+0.1 934 49.5+0.1 53.0
RSA (Ours) | 92.3+0.1 | 93.7 | 68.1+0.5 | 70.4 | 93.1+0.2 | 94.0 | 54.840.4 | 55.5

Method

AW on STL-10. These inconsistent results suggest that although AW can
help against the noise impacts from aggressive pairs, it reduces the diversity
of augmented pairs compared with AA, which may result in a suboptimal
result. In contrast, MA not only outperforms AA and AW but also gener-
ally improves performance across five datasets, suggesting that multi-stage

augmentation (MA) can take advantage of AA and AW at the same time.

According to the memorization effect of DNNs, noise impacts vary at
different stages of the training process and become more apparent at the
end. In order to balance the increasing noise impact, we decay [ during the
training, which results in rising the weights of aggressive-weak augmented
pairs and reducing the weights of aggressive-aggressive augmented pairs.
Improved performance in the fourth row verifies that we can use the mem-
orization effect of DNNs to further reduce noise impact. Notably, we set
Brase = 0.5 in preliminary experiments, and the performance can be further

improved with a turned [.s. in Table 5.2 and 5.3.

5.4.3 Linear Classification

Small and medium datasets. We evaluate our method on small and
medium datasets, with 200 and 800 epochs. We also run three trials for
a short running time to evaluate the stability of the proposed method.
Table 5.2 illustrates that the proposed method significantly improves the
performance across the four datasets on short training time experiments,
demonstrating that RSA can accelerate convergence and the small standard

deviation also shows that the proposed method has good stability. For the



54 Chapter 5. Applicability of Early Stopping

Table 5.3: Performance comparison with linear classification on
ImageNet-100 for 100 and 200 epochs. All methods adopt ResNet-50 as
a backbone.

Method Batch size | 100 ep | 200 ep
SimCLR 256 79.1 82.4
MoCo v2 256 80.9 83.9
SimSiam 256 79.7 82.6
BYOL 256 80.9 83.6
RSA (Ours) 256 83.7 | 85.5
Table 5.4: Performance comparison with linear classification on

ImageNet-1K. All methods use a standard ResNet-50 as a backbone with-
out a multi-crop strategy.

Method Neg. pairs | Batch Size | Epochs | Top-1
Supervised 256 100 76.2
InstDis [123] v 256 200 56.5
PIRL [86] v 256 200 63.6
SimCLR [19] v 4096 1000 69.3
MoCo v2 |20] v 256 200 67.5
JCL [16] v 256 200 68.7
ReSSL [145] v 256 200 69.6
InfoMin Aug. [113] v 256 200 70.1
W-MSE 4 [31] 4096 400 72.6
SimSiam [21] 256 200 70.0
SwAV [21] 4096 200 69.1
BYOL [21] 4096 100 66.5
BYOL [2]] 4096 200 70.6
BYOL [40] 2048 300 72.4
RSA (Ours) 2048 100 714
RSA (Ours) 2048 200 73.1

long training time experiments, outstanding results show RSA can continue

to improve the final performance.

Large datasets. We evaluate the performance of the proposed method
on the large datasets, ImageNet-100 and ImageNet-1K. We reproduce all
baselines on ImageNet-100 with batch size 256. The results on ImageNet-
100 and ImageNet-1K are shown in Table 5.3 and Table 5.4 respectively. We
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can see that RSA outperforms the state-of-the-art methods on ImageNet-
100 with a relatively large margin across 100 and 200 epochs. For results
on ImageNet-1K, RSA consistently surpasses baselines, e.g., the perfor-
mance of RSA for 100 epochs has already surpassed BYOL training for 200
epochs. RSA achieves a new state-of-the-art result for 200 epochs, exhibit-
ing a 2.5% improvement over BYOL. Overall, empirical results on linear
evaluation verify that RSA can constantly improve the generalization in

various settings.

5.4.4 'Transfer Learning

We further verify the quality of representation learned by RSA on more
downstream tasks. For object detection and instance segmentation, we
follow [113], and adopt Mask R-CNN [44] with FPN [69] to fine-tune our
pre-trained ResNet-50 model on COCO train2017 with 1 x schedule and
2 x schedule, and evaluate performance on COCO wval2017. We set the
initial learning rate as 0.02 and 0.03 for the 1 x schedule and 2 x schedule

experiments respectively.

Table 5.5 and Table 5.6 report the results of object detection and in-
stance segmentation. We can observe that RSA outperforms all baselines
on object detection and instance segmentation tasks, especially, showing
superior over the strong baseline InfoMin Aug. [113] that adopts more ad-
vanced augmentation, RandAugment [26]. Strong performance on down-
stream tasks demonstrates that RSA can improve the general quality of

learned representations.

5.4.5 Training Time Comparison

We compare the running time between our method and reproduced BYOL.
We conduct experiments on CIFAR-100 and STL-10 for 800 epochs with
a single Nvidia V100, and ImageNet-100 for 200 epochs with 4x Nvidia
V100, respectively. For ImageNet-100, we use Automatic Mixed Precision
package [85] to speed up the training process and save GPU memory. Note
that since we do not have enough GPUs to run a standard BYOL with a
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Table 5.5: Transfer learning on downstream tasks: object detec-
tion, instance segmentation. All models were pre-trained on ImageNet-1K
for 200 epochs and fine-tuned on MS COCO with 1 x schedule. Object
detection and instance segmentation results are from [113].

Object detection Instance segmentation
Method

APY | APB | APY | AP™E | APmE | AP

random init. 32.8 50.9 35.3 29.9 479 32.0
supervised 39.7 59.5 43.3 35.9 56.6 38.6
InstDis [123] 38.8 58.4 42.5 35.2 55.8 37.8
PIRL [86] 38.6 58.2 42.1 35.1 55.5 37.7
MoCo [43] 39.4 59.1 42.9 35.6 56.2 38.0
MoCo V2 [20] 40.1 59.8 441 36.3 56.9 39.1
InfoMin Aug. [113] | 40.6 60.6 44.6 36.7 57.7 39.4
RSA (Ours) 41.1 | 61.4 | 45.1 37.3 58.6 40.1

Table 5.6: Transfer learning on downstream tasks: object detection,
and instance segmentation. All models were pre-trained on ImageNet-1K
for 200 epochs and fine-tuned on MS COCO with 2 x schedule. Baseline
results are from [113].

Object detection Instance segmentation

Method
APY | APB | APY | AP™E | APmE | APmE
Random 38.4 57.5 42.0 34.7 54.8 37.2
Supervised 41.6 61.7 45.3 37.6 58.7 40.4
InstDis [123] 41.3 61.0 45.3 37.3 58.3 39.9
PIRL [86] 41.2 61.2 45.2 37.4 58.5 40.3
MoCo [43] 41.7 61.4 45.7 37.5 58.6 40.5
MoCo v2 [20] 41.7 61.6 45.6 37.6 58.7 40.5
InfoMin Aug. [113] | 42.5 62.7 46.8 38.4 59.7 414
RSA (Ours) 42.7 | 62.9 | 47.1 38.5 60.0 41.4

Table 5.7: Training time comparison with BYOL on three datasets

Method | CIFAR-100 | STL-10 | ImageNet-100
BYOL 11.3h 77.6h 9.5h
RSA 11.5h 79.6h 10.4h

batch size of 4096 on ImageNet, we use ImageNet-100 instead of ImageNet-

1K, which has similar processing efficiency but ten times the data.

Although our method uses double instances in the loss function 5.5,

each instance in RSA only passes into the network one time. Therefore,
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Figure 5.4: Sensitivity analysis for the hyper-parameter Sp.s.. We conduct
experiments on CIFAR-100 and STL-10 for 800 epochs, and ImageNet-100
for 100 epochs, respectively. Note that the green dash line is the result
with 8 = 0.

the number of forward and backward passes keeps the same with BYOL. In
addition, thanks to the efficient multi-stage augmentation, where we gen-
erate double instances using the nearly same resources. The main burden
training time part of our proposed method may come from two more vec-
tor multiplication in our loss function 5.5. From Table 5.7, we can see that
our method is as efficient as BYOL, and the differences between the two

methods are less than 9% across three datasets.

5.4.6 Ablation Studies

In this section, we investigate the importance of the hyper-parameter Fpqse
in Eq 5.6, which controls the initial weights of aggressive-aggressive and
aggressive-weak augmented pairs in Eq 5.5. Figure 5.4 reports the results
with linear classification on three datasets. First of all, we can observe that
Brase makes remarkable contribution for the improvements compared with
Bpase = 0, with +0.4% (total increments +0.6%) for STL-10 and +0.7%
(total increments +2.2%) for CIFAR-100. This suggests that removing
aggressive-aggressive augmented pairs with Spse = 0 will limit the full
exploration of the diversity of aggressive augmentation. However, if Gpuse
is too large, aggressive-weak augmented pairs will make less contribution

against noisy impacts.
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Table 5.8: Performance comparison with linear classification for 200
epochs. The mean and standard deviation are computed over three tri-
als.

Method CIFAR-100 | STL-10 | ImageNet-100
SimSiam 55.8+0.9 85.0+0.4 82.6
Simsiam + RSA | 63.74+0.5 | 89.24+0.5 84.0

5.4.7 Adaptability Studies

To evaluate the adaptability, we implement the proposed method based on
SimSiam [21], termed SimSiam + RSA. Specifically, we change the same
similarity function from mean square error to negative cosine similarity and
adopt the same settings for all the hyper-parameters mentioned in Section
5.4.1. As illustrated in Table 5.8, we observe that the proposed Simsiam -+
RSA achieves better transfer performance than SimSiam on three datasets.
For instance, RSA significantly raises the accuracy of linear probing from
55.8% to 63.7% (+7.9%) on the CIFAR-100 dataset. Therefore, the pro-
posed method does not rely on the momentum network, demonstrating the
adaptability of RSA.

5.5 Summary

In this chapter, we first empirically demonstrate that two positive instances
generated by the aggressive augmentations can cause the semantic shift
issue, which introduces noisy pairs and degrades the quality of learned
representation. To alleviate this issue, we propose a novel method RSA,
which dynamically adjusts the weights of clean and noisy pairs based on
the memorization effects. Experimental results show that our proposed
method achieves state-of-the-art results on various datasets and consis-

tently improves the generalization on a series of downstream tasks.

The main limitation of this chapter is that, although we know there is
noise from aggressive augmentations, the specific conditions under which
noise occurs and how much DNNs will suffer from it are still unknown. We

leave it as the future research direction.
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Chapter 6
Limitations of Early Stopping

Currently, methods based on early stopping have become a mainstream re-
search approach in the label noise learning community and are widely used
in numerous real-world applications. However, the effectiveness of early
stopping across all types of label noise remains in question. Our straight-
forward answer is no. In this chapter, we empirically investigate a pre-
viously overlooked and widespread type of label noise, subclass-dominant
label noise (SDN). Our findings reveal that, during the early stages of
training, deep neural networks can rapidly memorize mislabeled examples
in SDN. This phenomenon poses challenges in effectively selecting confident
examples using conventional early stopping techniques. To address this is-
sue, we delve into the properties of SDN and observe that long-trained
representations are superior at capturing the high-level semantics of mis-
labeled examples, leading to a clustering effect where similar examples are
grouped together. Based on this observation, we propose a novel method
called NoiseCluster that leverages the geometric structures of long-trained
representations to identify and correct SDN. Our experiments demonstrate
that NoiseCluster outperforms state-of-the-art baselines on both synthetic
and real-world datasets, highlighting the importance of addressing SDN in

learning with noisy labels.

6.1 Motivations and Contributions

This chapter presents a new type of label noise, subclass-dominant label
noise (SDN), which is overlooked by existing studies. SDN refers to label

noise in which mislabeled examples dominate at least one subclass, whose
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Figure 6.1: (a, b) It is evident that early stopping can effectively sep-
arate symmetric label noise (Sym), but it proves ineffective for subclass-
dominant label noise (SDN) as the network initially memorizes mislabeled
examples.(c, d) Using the same settings as in (b), it becomes apparent that
representations from the 100th epoch exhibit superior geometric structures
compared to those from the 10th epoch. Specifically, the boundaries be-
tween classes become clearer, allowing for better distinguishability of cor-
rectly labeled and mislabeled examples.

examples exhibit distinct characteristics compared to others in the same
class. Real-world datasets are prone to experiencing SDN due to several
factors. The likelihood of human mislabeling is influenced by various object
characteristics such as shape, context, and part [127, 71, 14, 114, 13]. More-
over, classification tasks usually define classes based on typical or common
examples. However, in reality, numerous special sub-classes can exist, shar-
ing common characteristics with other classes. For instance, while whiskers

typically play a vital role in distinguishing between cats and dogs, Sphynx
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cats, unlike other cat breeds, do not possess whiskers. An inexperienced
annotator may mislabel the majority of Sphynx cats as dogs, leading to
SDN in the dog class.

To evaluate the detrimental effects of SDN, we construct an SDN
dataset and conduct an experiment on it. Specifically, we subdivide the
aircraft class in CIFAR-10 [59] into two sub-classes based on their status:
landed and flying. We generate the SDN dataset by flipping the labels of
all landed airplane examples to the automobile class, leading to an overall
noise rate of 2.7%. Our experiment involves training a ResNet-18 model
[45] for 100 epochs using cross-entropy loss and extracting confident ex-
amples at each epoch. We identify confident examples based on the cri-
teria described in [108]. To quantify the extent to which the network has
memorized correctly labeled and mislabeled data, we compute the ratio
of confident examples that include mislabeled data to the total number of
mislabeled examples in the training dataset. As shown in Figure 6.1(a, b),
early stopping fails to identify mislabeled examples because the network
has already memorized the mislabeled examples in SDN. This outcome can
be attributed to the fact that DNNs excel at learning from the majority
of examples that share similar characteristics first. When the majority of
examples in a clean subclass are mislabeled, these mislabeled examples of-
ten dominate the gradient and are learned first by DNNs, thereby posing
challenges for methods that rely on early stopping.

To overcome this challenge, we explore a novel method named NoiseClus-
ter, which is capable of distinguishing correctly labeled and mislabeled ex-
amples in SDN. The fundamental principle of NoiseCluster is rooted in the
concept of later stopping. Contrary to the conventional belief that noisy
data increasingly degrade representations over time, our findings suggest
that the long-trained representations obtained from later stopping are more
effective at capturing the high-level semantics of noisy examples. This leads
to a clustering effect where the embeddings of noisy examples with similar
characteristics are drawn closer together, as shown in Figure 6.1(c, d). Mo-
tivated by this observation, NoiseCluster utilizes the geometric structures
of long-trained representations to identify and correct mislabeled examples

of SDN. Specifically, we first extract features from the penultimate layer
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of the network after halting the training progress with later stopping. We
then group these features by class, based on feature density, and identify
the largest group as clean due to its high likelihood of being correctly la-
beled, while treating the remaining groups as potentially mislabeled. To
determine the label of a potentially mislabeled group, we assess its simi-
larity to surrounding examples according to set distance and assign it the

class with the most similar examples.

6.2 Related Work

Learning with noisy labels is a vibrant research area aimed at improving
model robustness. Two main avenues of research have emerged: noise-

modeling-based and memorization-effects-based methods.

Noise-modeling-based methods. From a noise modeling perspec-
tive, label noise can be categorized into three types: random classification
noise (RCN), class-conditional label noise (CCN), and instance-dependent
label noise (IDN). RCN maintains a static flip rate for binary classifica-
tion [73]. CCN assumes that the noise generation is solely dependent on
classes and independent of instances |97, 135, 122, 22|. The generation of
IDN depends on both classes and instances, making IDN the most general
type of label noise [127, 23, 146, 76]. The common philosophy behind noise
modeling is to estimate the noise transition matrix. Xia et al. [127] as-
sume annotators may make mistakes on the parts of instances rather than
on whole instances, and replace the estimation of the instance-dependent
transition matrix with the transition matrices for parts; Yang et al. [133]
propose a method to generate Bayes optimal labels and estimate the tran-
sition matrix between Bayes optimal labels and noisy labels. Although
noise-modeling-based methods do not theoretically require early stopping,
many of them implicitly employ it to accurately estimate the transition ma-
trix (97, 128, 131, 135, 133]. As a result, many existing methods struggle
to handle SDN.

Memorization-effects-based methods. Arpit et al. [5] find that
Deep Neural Networks (DNNs) tend to learn simple (clean) examples first,
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then gradually memorize complex (noisy) examples. This observed phe-
nomenon has inspired a subset of methodologies grounded in understand-
ing and leveraging memorization effects [42, 6, 79, 52, 53]. JointOptim
[108] introduces a pseudo-labeling technique known as hard-label, which
regards the model predictions consistent with noisy labels as confident ex-
amples and uses them to train the model. DivideMix [65] utilizes Gaussian
Mixture Model (GMM) to identify confident examples as labeled data and
treat the remaining examples as unlabeled data for semi-supervised learn-
ing (SSL). Furthermore, some methods focus on the latent representations
extracted from previous layers, as the final layer is particularly vulnera-
ble to the influence of noisy examples [63, 121, 57, 7]. TopoFilter [121]
utilizes k-NN to explore the topological information of the latent repre-
sentations and then selects the largest component as clean data. Kim et
al. [57] propose a noise detection method called FINE that utilizes Eigen
decomposition and the principal component to select clean examples. PES
[7] takes advantage of the fact that the effects of noisy examples tend to
decrease as the layer number increases and improves early stopping by re-
learning later layers based on the latent representations. NoiseCluster also
exploits the geometric structures of the latent representations. However,
unlike previous methods that rely on early stopping, NoiseCluster takes ad-
vantage of later stopping to extract long-trained representations, enabling

the identification and correction of mislabeled examples in SDN.

6.3 SDN Analysis

In this section, we begin by defining subclass-dominant label noise (SDN).
Next, we introduce a specially crafted dataset, CIFAR20-SDN, for exploring
SDN, and compare it with two established real-world datasets. Finally, we
delve into the characteristics of SDN from two distinct perspectives: its
adverse effects on early stopping and its negative impact across various

layers.

Definition of SDN. Let D denote the joint probability distribution of
a pair of random variables (X, }7), where X represents the feature instances

and Y denotes the variable of noisy labels. The label space is defined as
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{1,...,C}, with C indicating the number of classes. Each x; is associated
with a latent (not provided) clean subclass label b; € {1,..., B}, and B is
the total number of sub-classes in this dataset. It is assumed that each clean
subclass b corresponds to a single clean class ¢. Subclass-dominant noise
(SDN) refers to a type of label noise in which mislabeled examples dominate
at least one subclass. Specifically, within a clean subclass b, examples could
be flipped into different classes, including its own clean class. If the class
j € {1,...,C} with the most flipped examples does not equal to the clean
class ¢, then the subclass b is considered to be dominated by the examples

flipped into noisy class j.

CIFAR20-SDN. To facilitate research on SDN, we introduce a repre-
sentative SDN dataset, CIFAR20-SDN, built from CIFAR-100, which pro-
vides 20 class labels and 100 subclass labels. The generation of CIFAR20-
SDN is similar to that of Pairflip label noise [42]. Specifically, for each class,
a certain percentage of labels in the last subclass are flipped to the sub-
sequent class. For example, the first class in CIFAR20 is termed "aquatic
mammals", which comprises five sub-classes: "beaver", "dolphin", "otter",
"seal", and "whale". Labels from the "whale" subclass are randomly flipped
to the subsequent "fish" class. As a result, any "whale" labeled as "fish"
is deemed an instance of SDN. Note that only the class labels are utilized

for model training and evaluation.

To assess the similarity between CIFAR20-SDN and real-world noisy
datasets, we compare the feature distribution of CIFAR20-SDN with two
other real-world noisy datasets, ClothinglM [130] and WebVision [67].
Specifically, we directly visualize the features of CIFAR20-SDN, as it exclu-
sively contains SDN, while for the two real-world datasets, we visualize the
features of confident examples extracted using early stopping methods. As
shown in Figure 6.2, it is clear that CIFAR20-SDN successfully emulates
the properties of the two real-world datasets, with mislabeled examples

clustering together and maintaining a distance from their noisy classes.

Negative effects of SDN on different layers. To thoroughly study
the negative impacts of SDN on various layers, we train a PreAct ResNet-
18 model on CIFAR20-SDN with four types of label noise. We report

the highest test accuracy achieved during training as an indicator of the
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Figure 6.2: Comparison of feature distribution between CIFAR20-SDN
and two real-world noisy datasets, with colors corresponding to clean labels.
For Clothing1M, we utilize a provided evaluation set containing both clean
and noisy labels for each example, employing the early stopping process
described in Section 6.5.1. For WebVision, a DivideMix model is employed
to generate features for the first ten classes; "clean" labels for these are
inferred using models pretrained on ImageNet.

Table 6.1: Comparison of noisy impacts on different layers with different
types of label noise. Training with clean labels terms as Clean; "Sym"
is short for symmetric label noise; "IDN" is short for instance-dependant
label noise; and "Pair" is short for pairflip label noise. "-XX" indicates the
noise rate. The mean and standard deviation (percentage) computed over
five runs are presented.

Noise type Clean Sym-20 IDN-20 Pair-20 SDN-20

Final 85.17£0.32 72.25+0.21 72.414+0.22 73.39+0.48 68.50+0.19
Penultimate 85.2840.35 73.43£0.67 76.51+0.89 78.77+0.34 81.67+0.17

quality of the representations from the final layer. Additionally, to assess
the representation quality from the penultimate layer, we freeze the other

layers, re-initialize and retrain the final layer using clean labels.

Table 6.1 reveals that SDN significantly impacts the final layer more
detrimentally than other types of label noise, resulting in the lowest test ac-
curacy, which is roughly 80% of the accuracy achieved on the clean dataset.
Conversely, when considering the penultimate layer, the outcomes achieved
with SDN surpass those obtained with any other type of label noise, in-
dicating that previous layers are less adversely impacted even after 300
epochs of training. These findings underscore the importance of utiliz-

ing the representations extracted from the penultimate layer in addressing
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Figure 6.3: (a, b) illustrates the intra-class relationships between correctly
labeled and mislabeled examples in a noisy class, while (¢, d) demonstrates
the inter-class relationships between mislabeled examples and their corre-
sponding latent clean classes. To better visualize the intra-class feature
relationships, we use the features from a noisy automobile class and visu-
alize them with clean labels. Similarly, to effectively visualize inter-class
feature relationships, we use features from four classes, as 2D images can-
not adequately represent high-dimensional relationships.

SDN.

Advantages of long-trained representations. We extend the ex-
periments depicted in Figure 6.1 and visualize the features extracted from
the networks trained for 200 epochs. As shown in Figure 6.3(a, b), features
within a noisy class are clustered based on their semantics, which suggests
that networks can learn the semantics of mislabeled examples even when

trained with noisy labels. Moreover, Figure 6.3(c, d) shows that features
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of mislabeled examples tend to be close to the features with correspond-
ing clean classes, implying that the geometric structures of the features
can be utilized to identify their clean classes. Finally, a comparison of the
four sub-figures reveals that the features extracted from SDN exhibit su-
perior geometric structures compared to those extracted from symmetric
label noise. This observation suggests that the properties of long-trained

representations are particularly advantageous when dealing with SDN.

6.4 Methodology

To overcome the challenges posed by SDN, we introduce a novel method
called NoiseCluster, which leverages the geometric structures of long-trained
representations. NoiseCluster consists of two main steps: initially, it iden-
tifies potentially mislabeled examples by clustering similar instances into
multiple sets. Subsequently, it performs label correction by computing set

distance and reassigning the labels of potentially mislabeled examples.

6.4.1 Identify SDN

NoiseCluster begins with training on a noisy dataset, (X, lN/) and then halts
the training with later stopping, whose stopping point is much later than
that of early stopping, allowing for thorough exploitation of knowledge in
noisy data. We then extract the latent feature Z of the input data X from
the penultimate layer and reduce its dimensionality to two dimensions using
t-SNE [84], resulting in a new feature denoted as Z. To separate mislabeled
data, we explore the geometric structures of Zc, where ¢ € {1,...,C} and C
is the total number of classes. To handle the unknown number of clusters
in each class, we employ DBSCAN [32], a feature density-based clustering
algorithm, to cluster the feature Z, into K groups Uf,. The largest group,
which is most likely to contain correctly labeled examples, is identified as
the clean group, while the remaining groups are regarded as potentially

mislabeled groups and denoted as Uf_;.

Stopping point selection. Although NoiseCluster can be applied to
a fully trained model, we find that further training on the original noisy

data does not constantly improve the representations after the training
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Figure 6.4: The figure compares two methods for quantifying the sim-
ilarity between two sets. Compared to mean distance shown in (b), set
distance can more accurately measure the similarity between a potentially
mislabeled group and a subset of similar examples within the class sets,
particularly when the classes have high diversity.

becomes stable. Therefore, to reduce training time, we incorporate our

method into the middle stage of the training process.

6.4.2 Label Correction

Simply removing all examples in Uj,_, can result in the loss of many impor-
tant examples. To address this challenge, we treat examples in a potentially
mislabeled group Uy as a cohesive unit, where all examples share the same
label. We then assess the similarity between this group and the surround-
ing examples by computing distances and assigning examples in the group
to the class with the most similar examples. Specifically, due to the clus-
tering effects of long-trained representations, we treat the examples in Uf
as a set, and form multiple class sets O, from the surrounding examples,
where b € {1, ...,C'}. We measure the distance between Uf and Oy, using set
distance, which is defined as the minimum Euclidean distance between any
feature z,, 2, from sets U7 and O, as depicted in Figure 6.4. The formula

for set distance is defined as follows:

d(U;,Op) = inf Zqg — Z , 6.1

( k b) p€U£7qub{|| q p||2} ( )

where ||-||, indicates L2 Norm. In practice, to mitigate the potential im-
pacts of mislabeled examples close to the set Ug, we utilize a specified
number of closest distances, denoted as ClosePoint, and compute their

average. We then correct the labels in U with the category of the class set
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with the closest distance, dj;, which is defined as follows:

dy, = inf d(U¢ ) 2
kb be{ll?..,C’}{ (U, On)} (6.2)

After acquiring the corrected data, we use them to continue training
the network for the rest of the epochs. The whole process of NoiseCluster

is summarized in Algorithm 4.

Combine with SSL. Semi-supervised learning (SSL) has enabled
numerous methods to attain impressive benchmarks in LNL [65, 72, 57].
NoiseCluster can also take advantage of SSL techniques to enhance its per-
formance. Specifically, for each class ¢, DBSCAN divides features Z, into
K distinct groups Uj and assigns a group index g to each feature 2{. Ex-
amples that cannot be clustered into any group are regarded as "noise". To
integrate SSL, we treat the DBSCAN noise as the unlabeled data and the
remaining examples as the labeled data. Accordingly, we can summarize

the labeled and unlabeled data sets as follows:

Dy = (05 | 6 = 1K} .
D, =A{x; | g6 #1,.. K.}

Combine with early stopping. Although NoiseCluster is primarily
designed to address SDN, it can be seamlessly integrated with early stop-
ping. To tackle a noisy dataset containing multiple types of label noise, we
propose a two-stage training process. In the first stage, we employ early
stopping to select confident data, thereby filtering out label noise that is
sensitive to early stopping. In the second stage, we apply NoiseCluster to
the confident data to identify and correct mislabeled examples in SDN. This
two-stage strategy allows us to effectively address the challenges posed by a
mixture of various types of label noise, resulting in enhanced performance

on noisy datasets.



70 Chapter 6. Limitations of Early Stopping

Algorithm 4: NoiseCluster

1 Input: Network fy; Final layer f¢; Noisy training dataset (X, }7),
Number of epochs for long-trained N; Class number C; DBSCAN
Eps and MinPts.

2 fort:=1,...,N do

3 ‘ Train fp and fe on (X, Y); // standard training

4 end

5 Z «— tSNE(fy(X));

6 for c <+ 1to C do

7

8

9

US. «+ DBSCAN(Z,, Eps, MinPts); // identify SDN
for Ug in Ug do
if U; # largest then
10 Compute set distance with Eq. (6.1);
11 Update Y in Ug with Eq. (6.2) ;
12 end
13 D, <+ DU Ug;
14 end
15 end

16 Continually train fy and fe on D; for the rest of the epochs.

6.5 Experiments

6.5.1 Experimental Setting

Datasets. We evaluate the performance of NoiseCluster on a synthetic
dataset, CIFAR20-SDN, and a real-world dataset, Clothing-1M [130]. To
ensure a fair comparison with existing methods, we follow the settings of
the previous methods |65, 72, 7] and conduct two sets of experiments on the
synthetic dataset: one with semi-supervised learning (SSL) and one without
SSL. In experiments without SSL, we reserve 10% of the training data as
the validation set, while we utilize the entire training data for experiments
with SSL. Clothing-1M contains over one million images gathered from the

Internet. Additional details on implementation can be found in Appendix
C.2.

Network structure and optimization. For CIFAR20-SDN, we em-
ploy ResNet-34 [45] for experiments without SSL and PreAct ResNet-18 [46]

for experiments with SSL. During optimization, we train the model for 300
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Table 6.2: Comparison with state-of-the-art methods without SSL on

CIFAR20-SDN. "-XX" indicates the noise rate. The mean and standard
deviation computed over five runs are presented.

Methods SDN-12 SDN-16 SDN-18 SDN-20

CE [45] 70.42+0.32  67.38£1.31  66.28£0.51  65.23+0.60
JointOptim [108]  71.484+0.33  67.69+0.37  66.51+£0.28  65.45+0.20
DMI [131] 70.67£0.64  66.95£0.61  65.86£0.32  64.35%0.52

TopoFilter [121]  69.04+£0.47  64.7840.49  63.52+0.36  62.97+0.62
PTD-R-V [127] 70.85+£0.44  66.45+£0.40  65.29+£0.47  64.41£0.20
VolMinNet [6§] 72.45+0.38  67.78+£0.43  66.20+£0.24  65.20£0.41
CDR [124] 72.61£0.36  68.87+ 0.16  67.79£0.28  67.00%0.25
BLTM-V [133] 70.46£0.47  66.57£0.50  64.76£0.42  63.96+0.46

NoiseCluster 80.20£0.80 78.77+1.01 77.01+0.34 72.67+0.68

epochs, using a learning rate of 2 x 1072, a single cycle of cosine annealing
[78], a momentum of 0.9, and a weight decay of 5 x 107%. We utilize a
batch size of 128 and a stopping epoch of 80, with a ClosePoint value of
20. For DBSCAN hyperparameters, Eps and MinPts are set to 0.02 and
100, respectively.

For ClothinglM, we employ a ResNet-50 pre-trained on ImageNet|60],
and train the network for only one epoch. Specifically, we first utilize 95%
of the training data to train the network. Then, we use early stopping to
select confident data from the remaining 5% of the training data and apply
NoisyCluster to this data. For optimization, we use SGD with a learning
rate of 0.01, a momentum of 0.9, a weight decay of 10~%, and a batch size of
64. ClosePoint, Eps, and MinPts are set to 20, 0.04, and 100, respectively.

6.5.2 Comparison with State-of-the-art Methods

Approaches without SSL. To begin our comparison, we evaluate our
method against state-of-the-art (SOTA) approaches that do not employ
SSL. As shown in Table 6.2, it becomes evident that many of the meth-
ods struggle with SDN, with some even underperforming in comparison
to standard training with Cross-Entropy (CE) loss. CDR [124] performs
better than its counterparts, but it requires a known noise rate, which re-

mains challenging to accurately estimate in SDN. Our method outperforms
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Table 6.3: Comparison with state-of-the-art methods with SSL on
CIFAR20-SDN. "-XX" indicates the noise rate. The mean and standard
deviation computed over five runs are presented.

Methods SDN-12 SDN-16 SDN-18 SDN-20

CE [46] 74.27£0.40  70.53£0.38  69.27£0.12  68.50%0.19
MixUp [141] 75.83£0.41  71.65+£0.17  70.29£0.24  69.37£0.17
ELR+ [72] 75.22+£0.37  71.09£0.30  70.18£0.23  69.55+0.15

DivideMix [65] 79.06+£0.26  72.80£0.30  70.66+0.51  70.27£0.11
F-DivideMix [57] 79.71£0.32  74.00+£0.83  71.69+0.22  69.5940.43
PES semi [7] 80.27£0.30  73.95+£0.24  72.78+£0.22  71.7240.45

NoiseCluster+ 82.20£0.93 80.35+1.23 77.59+0.86 73.54+0.72

all baselines, delivering superior performance. Specifically, our proposed
method surpasses CDR by 5.67% in classification accuracy when a noise
rate is 20%, and the margin further extends to 7.59% for a noise rate of
12%. Furthermore, in comparison with noise-modeling-based methods, our
approach outperforms the state-of-the-art VolMinNet by over 7% across

four noise rates.

Approaches with SSL. We integrate our method with semi-supervised
learning (SSL) techniques, denoted as NoiseCluster+ and compare it against
SOTA approaches that also leverage SSL. To ensure a fair comparison, we
include the results of MixUp [141], which is used by all baselines to boost
performance. The results are summarized in Table 6.3. Interestingly, our
observations indicate that SSL contributes marginally to performance en-
hancement on CIFAR20-SDN. Notably, DivideMix [65] shows only a modest
advancement over MixUp. In contrast, methods based on representations,
such as F-DivideMix [57] and PES semi [7], deliver better outcomes by
avoiding the use of the final layer, which is prone to overfitting to SDN. Con-
clusively, our method, NoiseCluster+, consistently outperforms all baselines
by a substantial margin, underscoring that the proposed techniques are the

primary factors leading to the improvements.

To better understand why current SOTA methods face difficulties when
dealing with SDN, we conduct experiments with DivideMix and compute

the ratio of confident examples that include mislabeled data to the total
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Figure 6.5: Evaluation memorized percentage per class obtained with
DivideMix on CIFAR20-SDN (SDN) and symmetric label noise (Sym). "-
XX" indicates the noise rate.
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Table 6.4: Classification accuracy (%) on ClothinglM. Baseline results
are taken from the original papers. * indicates the results obtained with
an ensemble model.

CE DMI JointOptim  TopoFiler =~ PTD-R-V  VolMinNet

69.21 71.67 72.16 74.10 72.46 72.42

BLTM-V F-DivideMix* PES DivideMix* ELR+*  NoiseCluster

73.39 74.37 74.64 74.76 74.81 75.51

number of mislabeled examples in the training dataset at the end of train-
ing. As shown in Figure 6.5, DivideMix performs well on merely three
classes. For the remaining classes, we can see that the confident data con-
tains a substantial number of mislabeled examples, confirming that early
stopping and other techniques utilized in DivideMix cannot effectively ad-
dress SDN issues.

Real-world dataset. We perform experiments on a real-world dataset,
Clothing1M, which is widely used as a benchmark due to its challenges.
Many existing methods, though effective on noisy synthetic datasets, ex-
hibit limited impact on Clothingl M. Our investigation suggests that this
issue stems from the presence of SDN in Clothing1M, leading to suboptimal
performance on the test data. As illustrated in Table 6.4, NoiseCluster sig-
nificantly outperforms SOTA methods, achieving an accuracy of 75.51%
without resorting to self/semi-supervised learning or ensemble network

techniques.
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(a) Sleep T-Shirt (b) Leather Jacket (c) Down Vest

Figure 6.6: SDN in ClothinglM. (a) The first row displays images from
the "T-Shirt" class (X:0.45, Y:0.1). The second row shows images from
the "Underwear" class. The third and fourth rows present images that
are mislabeled as "Underwear". (b) The row order is as follows: "Jacket",
"Windbreaker" (correct name:"trench coat"), "Leather Jacket" (X:0.75,
Y:0.6). (c) The row order is as follows: "Down coat", "Vest" (correct
name:"singlet" or "tank top"), "Down Vest" (X:0.9, Y:0.3). The coordinate
values correspond to Figure 6.2 (b). It is worth noting that some label
names within ClothinglM are inaccurate due to translation issues. After
comparing images in the test set and Chinese label names, we put the
correct names in parentheses.

To delve into the existence and underlying causes of SDN in real-
world datasets, we manually generated t-SNE images, strictly adhering
to the experimental process outlined in Section 6.5.1. We then showcase
examples within clusters that are predominantly mislabeled. As Figure
6.6 illustrates, these mislabeled examples clearly belong to specific sub-
classes, yet they share common characteristics with their associated noisy
classes. These observations confirm the pervasive presence of SDN in real-
world datasets. For additional details and further results, please refer to
Appendix C.4.1.

6.5.3 Ablation Study

Sensitivity of hyper-parameters. We perform ablation studies us-
ing NoiseCluster on CIFAR20-SDN with noise rates of 12% and 20%.
NoiseCluster employs DBSCAN [32], which involves two hyperparameters,
Eps and MinPts. We find that the selection of these two hyperparame-

ters is relatively straightforward when applied to feature representations
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Figure 6.7: Ablation analyses of MinPts, Eps, and
ClosePoint.

due to the substantial margin between classes. Additionally, to reduce the
negative impacts of mislabeled examples, we introduce a hyperparameter
named ClosePoint, which controls the number of points used to compute
the set distance. The results shown in Figure 6.7 indicate that ClosePoint,
along with Eps and MinPts, has a negligible impact on the final outcomes,

indicating robustness against hyperparameter changes.

Self-supervised pretrained model. As self-supervised Learning
methods continue to mature [43, 40, 145, 8], the utilization of pretrained
models from this approach has emerged as a promising strategy for address-
ing noisy labels, particularly since they are unaffected by such labels during
the pre-training stage [35, 132, 48, 144|. This raises the pivotal question:
Does employing an self-supervised pretrained model simplify the address-
ing of SDN? While a thorough investigation will be reserved for future
research work, the succinct answer is no. As shown in Figure 6.8, self-
supervised pretrained models offer initial advantages by facilitating rapid
learning of clean examples. However, this rapid learning also leads to the
quick memorization of mislabeled examples. Furthermore, after only train-
ing for several epochs, the gaps between the memorization rates for clean
and mislabeled examples become much smaller than those observed when
training from scratch, suggesting that early stopping with self-supervised
pretrained models is less effective. We hope that our research will inspire a

re-thinking of utilizing self-supervised pretrained models in noisy datasets.

Importance of label correction. To mitigate the bias introduced
by learning with SDN, we employ a label correction technique. Given that

DNNs have already memorized many mislabeled examples during the early
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Figure 6.8: Examining memorization trends when training from scratch
compared to training with self-supervised pretrained models on CIFAR20-
SDN with an 18% noise rate. These models were pre-trained with MoCo
V2 and RSA on the same dataset for 200 epochs, resulting in linear classi-
fication accuracies of 63.02 £+ 0.31 and 77.67 4+ 0.27, respectively. However,
as the performance of pretrained models increases, the speed of overfitting
to mislabeled data also becomes faster. The mean and standard deviation
(percentage) computed over three runs are presented.

Table 6.5: Comparison with /without correcting labels on CIFAR20-SDN.
"-XX" indicates the noise rate. The mean and standard deviation (per-
centage) computed over five runs are presented.

Methods SDN-12 SDN-20

Ours 80.20+0.80 72.67+0.68
Ours w/o correction  78.68+£0.61  71.42+0.54

learning phase, label correction becomes indispensable. In Table 6.5, we
present a comparison of results with and without applying label correction
and observe a performance improvement of over 1% for both low and high
noise rates. These findings emphasize the importance of the label correction

technique in addressing SDN.

6.6 Summary

In this chapter, we empirically examine subclass-dominant label noise (SDN),
a new type of label noise that commonly occurs in real-world datasets. SDN
presents a significant challenge to conventional methods that rely on early
stopping. To overcome this issue, we reveal that long-trained representa-

tions are more effective at capturing the semantic relationships between
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noisy examples. Building on this insight, we propose a novel approach,
NoiseCluster, to identify and correct mislabeled examples in SDN. We hope
our work will inspire the research community and pave the way for address-

ing label noise in real-world applications.

The primary limitation is that our proposed method is effective in
addressing SDN cases where mislabeled examples have notably different
semantics from correctly labeled examples. However, it could struggle in
situations where correctly labeled and mislabeled examples exhibit close
semantics, especially without any prior knowledge. We leave it as an open

research topic for future investigation.
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Chapter 7

Conclusion

In this thesis, we have conducted a meticulous examination of early stop-
ping through four distinct lenses: strengths, advancements, applicability,
and limitations. Our research has yielded several key insights and con-
tributions. Firstly, we discovered that early stopping could be effectively
used to extract hard confident examples. We also found that the impact
of label noise varies across different layers, leading to the development of
a progressive early stopping strategy. Additionally, we have shown that
early stopping is versatile, addressing not only label noise issues but also
related problems such as semantic shifts. Finally, our research uncovered
the presence of subclass-dominant label noise, illustrating that early stop-
ping is not universally effective against all forms of label noise. Building on
these findings, we propose three methods based on early stopping and one
incorporating later stopping, each tailored to overcome the identified chal-
lenges. Each method implemented has demonstrated promising outcomes,

underscoring their potential effectiveness in their respective applications.

Future research could pursue two promising directions: First, the bur-
geoning field of self-supervised learning, with its increasing reliance on
pseudo tasks, is likely to see a corresponding rise in the prevalence of task-
generated noise. Investigating the application of early stopping across a
broader array of pseudo tasks becomes essential. Second, given the inher-
ent complexities associated with subclass-dominant label noise, develop-
ing and enhancing sophisticated methodologies to effectively surmount this

challenge is crucial.
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Appendix A

Supplementary for Chapter 3

A.1 Generating Label Noise

The label noise is generated according to symmetric class-dependent and

instance-dependent noise transition matrices.

Noise transition matrix The noise transition matriz T(x) was
proposed to explicitly model the generation process of label noise, where
Ti;(z) = Pr(Y = j|Y =i, X = z), Pr(A) denotes as the probability of the
event A, X as the random variable for the instance, Y as the noisy labels,
and Y as the latent clean labels. At a high level, the ¢j-th entry of the
transition matrix denotes the probability that the instance will flip from

the clean class j to the noisy class i.

Symmetric class-dependent label noise If the flip rate is «, the
diagonal entries of a symmetric transition matrix are 1 — a and the off-

diagonal entries are o/(c — 1) [42].

Instance-dependent label noise We generate instance-dependent

label noise according to the following Algorithm 5 [127].

A.2 Comparison with SELF

The performance of our re-implemented SELF [91] is not as good as that
in the original paper. For a fair comparison, we change our backbone
consistently with SELF and compare with the results from the original

paper directly (without Mean Teachers [109]). Specifically, the network is



80 Appendix A. Supplementary for Chapter 3

Algorithm 5: Instance-dependent Label Noise Generation

Input: Clean samples {(z;,y;)}",; Noise rate 7.
Sample instance flip rates ¢ € R from the truncated normal
distribution 7A/(7,0.1%, [0, 1]);
3 Independently sample wy, wo, ..., w. from the standard normal
distribution A/(0, 1%);
4 Fori=1,2,....,ndo
5 D=T; X Wy,; // generate instance-dependent flip rates
6 py, = —00; // control the diagonal entry of the instance-dependent
transition matrix
7 p=g¢q; Xsoftmax(p); // make the sum of the off-diagonal entries
of the y;-th row to be ¢;
Dy =1 — q; // set the diagonal entry to be 1 — ¢;
9  Randomly choose a label from the label space according to
possibilities p as noisy label ;;
10 End for.
11 Output: Noisy samples {(x;, 7;)}7;

[

03]

Table A.1: Means and standard deviations of classification accuracy com-
pared with SELF on CIFAR10

Sym-40 | Sym-60
SELF | 87.35% | 75.47%
Ours | 92.31% | 87.88%

changed to ResNet26 with Shake-shake regularization [34]. The learning
rate is set to 0.05 with weight decay of 2e-4.

Table A.1 and Table A.2 show that Me-Momentum outperforms SELF
by a large margin in CIFAR10 and CIFAR100 with Symmetric 40% and
Symmetric 60% noise. The gap between the performance of Me-Momentum
and SELF becomes larger in Symmetric 60% in both datasets compared
with Symmetric 40% because hard confident examples play a more impor-
tant role in more noisy examples. Specifically, both of the methods are
based on the same backbone with Cross-Entropy loss, so the improvement
of Me-Momentum can only be as a result of the quality of extracted con-
fident examples. Therefore, Me-Momentum is able to extract better hard
confident examples than SELF.

Furthermore, the performance of Me-Momentum can be improved by
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Table A.2: Means and standard deviations of classification accuracy com-

pared with SELF on CIFAR100

Table A.3: Means and standard deviations of classification accuracy on

Sym-40 | Sym-60
SELF | 61.40 50.60
Ours | 68.25 59.51

symmetric 50% label noise with different datasets

Methods MNIST CIFAR10 CIFAR100
Cross-Entropy | 97.51 + 0.28 | 77.11 £ 0.43 | 39.73 £ 2.74
MentorNet 90.13 £0.09 | 70.71 £0.24 | 38.45 £ 0.25
Co-teaching 91.68 + 0.21 72.80 £ 0.45 51.60 + 0.49
Forward 97.86 + 0.22 77.92 £ 0.66 | 38.59 + 1.62
Joint Optim 97.79 £ 0.13 | 85.00 £ 0.17 | 57.97 £ 0.67
DMI 97.04 £ 1.15 78.28 £0.48 | 49.81 £ 1.22
T-revision 98.38 + 0.21 83.40 + 0.65 97.71 £ 0.84
CDR 98.13 + 0.17 | 82.64 £ 0.89 | 55.30 £ 0.96
Ours 98.52 + 0.09 | 86.40 + 0.34 | 58.06 £+ 0.59

changing a better backbone. However, to show the effectiveness of the pro-
posed method and avoid complexity, we choose the standard CNN network

in the chapter.

A.3 Experiments on High Noise Rates

In Table A.3, we evaluate our method on Symmetric 50%. Note that we
only use confident examples, discarding non-confident ones. If the noise
rate is too high, e.g., noise rate 80%, the number of extracted examples
might be insufficient to train a model adequately. This could be addressed
by combining with semi-supervised learning techniques [91, 65]. However,
our aim is to verify the method’s effectiveness in extracting high-quality

confident examples, not to boost classification performance.
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Table A.4: Means and standard deviations of classification accuracy using
noisy and clean validation sets on CIFAR10.

noisy validation set | clean validation set
Sym-20 91.44 + 0.33 91.60 + 0.31
Sym-40 88.39 £+ 0.34 89.14 + 0.51
Sym-50 86.40 £ 0.34 86.88 £ 0.70
Inst-20 90.86 + 0.21 91.34 + 0.24
Inst-40 86.66 + 0.91 87.80 £ 0.84

A.4 Me-Momentum with Clean Validation Sets

We conduct experiments with clean validation sets. In Table A.4, we can
observe that a clean validation set aids in selecting a better model compared

to a noisy validation set. This leads to improved final performance.

A.5 Comparison of Training Time

We compare the training time with representative baselines on CIFAR10
with ResNet18 in Table A.5. The number of the inner loop varies because
the inner loop stops by exploiting a noisy validation set. Note that we
discard non-confident examples and only use confident examples to train
the model. The training time in each round would be much less than the

normal training.

Table A.5: Comparison of training time on CIFAR10.

Methods Training time
CE 68 min
JointOptim 88 min
Co-teaching 91 min
T-revision 232 min
CDR 178 min
Ours Sym-50 | 169.4 + 18.8 min
Ours Inst-40 | 160.0 + 21.0 min

Note that CE stands for the normal neural network training by em-

ploying the cross-entropy loss function. The total number of epochs for CE
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is set to 200. Since the number of the inner loop varies in the proposed
method, we have reported the average training time of five runs and the
standard deviation. Note that Me-momentum has a smaller training time
on the instance-40% noise than that on the symmetric-50% noise. This
may be caused by that the former setting is more difficult than the latter
one and less confident examples are extracted. The conclusion is that the
training time of the proposed method is shorter than T-revision and CDR

but longer than Co-teaching, and JointOptim.

A.6 Experimental details for ClothinglM

Clothing1M contains 1 million examples with real-world noisy labels, the
number of examples cross classes are significantly imbalanced. Moreover,
the ratio of examples cross classes in the training dataset is also dramati-

cally different from that of the validation and test dataset.

A common way to deal with the imbalance is to make the number
of training examples in each class the same. That is to say, we need to
reduce the number of training examples for different classes to the least
number of the classes. Therefore, the method cannot fully use training
examples, especially on an extremely imbalanced training dataset. We take
two approaches to deal with it. 1) We introduce the importance reweighting

technique to different examples [50]. Suppose the number of samples for

class j on the training (validation) dataset is N7 (resp. N7 ). The
weight of samples in class j is calculated as:
1\¢ J J
wi = Coimt Niain Vo : (A1)

: ——C
Ngrain C Zj:l Nlj)al
where C' is the total number of classes.

2) We extract the confident examples separately according to the class.
Specifically, we select a classifier based on the highest score in each class,

where the score S for class j is obtained with:

SV = B x Accuracy’ + (1 — 3) x Precision’. (A.2)
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We set 3 to 0.45 in experiments. Then, we use the classifier to extract

the confident examples in this class.

A.7 More Results in Section 3.3.1

In Section 3.3.1, we discuss the statistics of the extracted confident exam-
ples. However, due to the space limit, in the chapter, we only provide parts

of the empirical results.

A.8 More Results in Section 3.3.2

In Section 3.3.2, we have visualized the extracted confident examples by
using t-SNE [83]. Tt verifies that the proposed Me-Momentum is effective
to extract hard confident examples. However, due to the space limit, in
the chapter, we only provide parts of the empirical results. In this supple-
mentary material, we provide the visualization of all the employed datasets

and settings.

Specifically, we show how the confident examples are progressively ex-
tracted in the inner and outer loops. In the figures, green, blue, and red
dots represent confident examples extracted at the beginning, middle, and

end rounds of the loops, respectively.

On the datasets of MNIST and CIFAR10, we can clearly see that the
blue and red dots are mostly located at the boundaries of the clusters of
green dots. On CIFAR100, we can also clearly see that there are lots of
blue and red dots which are outside of the green clusters in the second and
fourth figures. This supports and justifies our claim that Me-Momentum
is able to extract hard confident examples (those are close to the decision

boundary).

The figures are presented on the following pages.



A.8. More Results in Section 3.3.2 85
(MNIST, Symmetric-20%) (MNIST, Symmetric-20%) (MNIST, Symmetric-20%)
99 _g 44k 99
= 98 = 42k ‘5 98
2 = £
S g b
Z a &~
v 97 = 40k 2 97
g E <
%6 5 38k 9%
~
9 2 4 6 8 10 12 36k, 2 4 6 8 10 12 9 2 4 6 8 10 12
Rounds Rounds Rounds
(MNIST, Instance-20%) (MNIST, Instance-20%) (MNIST, Instance-20%)
99 ;E 44k 99
5 98 = 42k g 98
2 = =
< 2 Z
v 97 T 40k 3 97
g < ]
= = -
96 S 38k 96
“
3
o 25 50 7.5 100 125 3o 25 50 75 100 125 No 25 50 7.5 100 125
Rounds Rounds Rounds
(MNIST, Symmetric-40%) (MNIST, Symmetric-40%) 5 (MNIST, Symmetric-40%)
10
99 2 33 99
by W ; prmm—~—————————— ;
5 98 = 5 98
; & 31k =
= 97 = 3 97
2 < 30k =
f = -
96 S 20k 96
Qo 25 50 7.5 100 125 280 25 50 75 100 125 o 25 50 7.5 100 125
Rounds Rounds Rounds
(MNIST, Instance-40%) a (MNIST, Instance-40%) 100 (MNIST, Instance-40%)
08 5 33k 9
E f\/___\/_ - 98
g Z 32k £
£ o6 z Z 97
2 g 31k L 9
5 £ z
= S 30k ‘j 9
O 29k o3
Vo 25 50 7.5 100 125 2880 25 50 75 100 125 %0 25 50 7.5 100 125
Rounds Rounds Rounds

Figure A.1: Statistics of the extracted confident examples on MNIST by
Me-Momentum. We call one update of the classifier and the extracted con-
fident examples as one round. We illustrate how the label precision of the
extracted confident examples, the number of the extracted confident exam-
ples, and the classification accuracy of the classifier trained by using the
extracted confident examples change during the training of Me-Momentum.
The dash lines in the middle column indicate the number of clean labels in
the noisy training data.
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Figure A.2: Statistics of the extracted confident examples on CIFAR10
by Me-Momentum. We call one update of the classifier and the extracted
confident examples as one round. We illustrate how the label precision of
the extracted confident examples, the number of the extracted confident ex-
amples, and the classification accuracy of the classifier trained by using the
extracted confident examples change during the training of Me-Momentum.

We have three distinct peaks in these figures because we have set Nyyter

=3

and the classifiers are re-initialized in the outer loop. The dash lines in the
middle column indicate the number of clean labels in the noisy training
data.
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Figure A.3: Statistics of the extracted confident examples on CIFAR100
by Me-Momentum. We call one update of the classifier and the extracted
confident examples as one round. We illustrate how the label precision of
the extracted confident examples, the number of the extracted confident ex-
amples, and the classification accuracy of the classifier trained by using the
extracted confident examples change during the training of Me-Momentum.

We have three distinct peaks in these figures because we have set Nyyter

=3

and the classifiers are re-initialized in the outer loop. The dash lines in the
middle column indicate the number of clean labels in the noisy training

data.
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(MNIST, Symmetric-20%) (MNIST, Symmetric-20%)

Figure A.4: Visualization of the extracted confident examples on MNIST.
The first column is about the confident data extracted in the first run of the
inner loop; while the second column is about the confident data extracted
in the outer loop.
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(CIFAR10, Symmetric-20%) (CIFAR10, Symmetric-20%)

(CIFAR10, Instance-20%) (CIFARI10, Instance-20%)

(CIFAR10, Instance-40%) (CIFAR10, Instance-40%)

Figure A.5: Visualization of the extracted confident examples on CI-
FAR10. The first column is about the confident data extracted in the first
run of the inner loop; while the second column is about the confident data
extracted in the outer loop.
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(CIFAR100, Symmetric-20%) (CIFAR100, Symmetric-20%o)

Figure A.6: Visualization of the extracted confident examples on CI-
FAR100. The first column is about the confident data extracted in the
first run of the inner loop; while the second column is about the confident
data extracted in the outer loop.



A.8. More Results in Section 3.3.2 91

(CIFAR100, Symmetric-40%) (CIFAR100, Symmetric-40%)

%r

=

Figure A.7: Visualization of the extracted confident examples on CI-
FAR100. The first column is about the confident data extracted in the
first run of the inner loop; while the second column is about the confident
data extracted in the outer loop.
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B.1 Training details

In this section, we first provide details about the adopted three kinds of
noisy labels. Then, we elaborate on the data preprocessing and the hyper-

parameter settings in our experiments.

B.1.1 Definition of noise

According to different correlations between noisy labels and clean labels,
there are three kinds of widely used label noise, namely symmetric class-
dependent label noise, pairflip class-dependent label noise, and instance-
dependent label noise [97, 42, 127]. In the following, we first introduce one
basic concept: transition matrix [97], and then provide the details for all

the three kinds of label noise, respectively.

Transition matrix: The transition matriz T'(x) is used to explicitly
model the generation process of label noise, where Tj;(x) = Pr(Y = j|Y =
i,X = x) is the flip rate between the true label and noisy label on given
data x. X is the variable of instances, Y is the variable of clean labels, and
Y is the variable of noisy labels. Tj;(x) is the ij-th entry of the transition
matrix 7'(x), which denotes the probability of the instance & with clean

label 7 being observed with a noisy label j.

Symmetric label noise: Symmetric label noise is generated with
symmetric class-dependent noise transition matrices. We set the flip rate

«. Random flipping labels may change to true labels, so the flip rate
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Algorithm 6: Instance-dependent Label Noise Generation

1 Input: Clean samples {(x;, y;)}!,; Noise rate 7.

2 Sample instance flip rates ¢ € R" from the truncated normal
distribution 7A/(7,0.12, [0, 1]);

3 Independently sample wy, wo, ..., w. from the standard normal
distribution A/(0, 1%);

4 Fori=1,2,...,ndo

5 p=; X Wy; // generate instance-dependent flip rates

6 p, = —00; // control the diagonal entry of the instance-dependent
transition matrix

7 p=gq; Xsoftmax(p); // make the sum of the off-diagonal entries

of the y;-th row to be g;

Py =1 —q; // set the diagonal entry to be 1 — ¢;

9  Randomly choose a label from the label space according to
possibilities p as noisy label ;;

10 End for.

11 Output: Noisy samples {(x;, ;) }7

03]

may include or exclude true labels. For the flip rate excluding true labels,
the diagonal entries of symmetric transition matrix are 1 — a and the off-
diagonal entries are a/(c¢ — 1). For the flip rate including true labels, the
diagonal entries of symmetric transition matrix are 1 — (a x (¢ —1)/¢) and

the off-diagonal entries are a/c.

Pairflip class-dependent label noise: Pairflip noise is a simula-
tion of fine-grained classification with noisy labels, where annotators may
make mistakes only within very similar classes|[138, 80|. The label noise
is generated with pairflip class-dependent noise transition matrices, which
is defined as follow. Let flip rate is . The diagonal entries of a pairflip
transition matrix are 1 —« and the entities for their adjacent classes, which

the examples in a given class may be wrongly classified to, are a.

Instance-dependent label noise: Instance-dependent label noise is
generated according to Algorithm 6. More details about this algorithm can
be found in [127].
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Table B.1: Training hyper-parameters for CIFAR-10/100 and Clothing1 M

CIFAR-10 CIFAR-100 Clothing1lM
architecture ResNet-18 PreAct ResNet-18 ResNet-34 PreAct ResNet-18 | Resnet-50
loss function CE MixMatch loss CE MixMatch loss CE

learning rate (Ir) 0.1 0.02 0.1 0.02 5x 1073
Ir decay 100th & 150th | Cosine Annealing | 100th & 150th | Cosine Annealing | 20th & 30th
weight decay 1074 5x 1074 1074 5x 1074 1073
batch size 128 128 128 128 64
training examples 45,000 50,000 45,000 50,000 1,000,000
training epochs 200 300 200 300 50
PES Ir 1074 1074 1074 1074 5x 107°
T 25 20 30 35 20
T 7 5 7 5 7
T3 5 5

B.1.2 Data preprocessing and experimental settings

Data preprocessing: For experiments on CIFAR-10/100 [59] without
semi-supervised learning, we use simple data augmentation techniques in-
cluding random crop and horizontal flip. For experiments on CIFAR-10/100
with semi-supervised learning, except random cropping and horizontal flip,
MixUp [141] is also employed, which is a critical component of MixMatch
[11]. For ClothinglM [130], we first resize images to 256 x 256, and then

random crop to 224 x 224, following a random horizontal flip.

Hyper-parameters of PES: We adopt an Adam optimizer for T,
and T3 for accelerating the model training and reducing the parameter
turning, and 7, and T3 are chosen from {2, 5, 7}. Note that the number
of total training epochs includes T3, but excludes T5 and T5. To make PES
work in large datasets, we regard training 100,000 examples as an epoch

in ClothinglM experiments.

Hyper-parameters of semi-supervised learning: We keep all the
hyper-parameters fixed for different levels of noise, and only adjust A, for
different noisy settings, since the ratio of confident examples (labeled data)
and unconfident examples (unlabeled data) can vary greatly for different
noisy settings. Specifically, we set K = 2, T' = 0.5, and A, is chosen from
{5,15,25,50,75,100}. « begins with 4, and changes to 0.75 after 150th
epoch. More details of hyper-parameters can be found in Table B.1 and
Table B.2.
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Table B.2: Semi-supervised loss weight A, for CIFAR-10/100

Datasets / Noise | Sym-20% | Sym-50% | Sym-80% | Pairflip-45% | Inst-20% | Inst-40%
CIFAR-10 5 15 25 5 5 15
CIFAR-100 50 75 100 50 50 50
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Figure B.1: We adopt ResNet-34 as the model on CIFAR-100 and evalu-
ate the impact of noisy labels on the representations from the 17-th layer,
the 33-th layer, and the final layer. The curves present the mean of five
runs and the best performances highlight with dotted vertical lines.

B.2 Additional Experiments

In this section, we provide more experimental results on CIFAR-100 and
Fashion-MNIST to further verify the hypothesize that noisy labels may
have more severe impacts on the latter layers. We also provide additional

comparisons with baselines, which exploit ensemble networks.

In the first experiment, we adopt a dataset with more classes: CIFAR-
100 and a deeper network: ResNet-34 [45]. In addition, we adopt Fashion-
MNIST [129], including 60,000 training images with 28x28 size and LeNet
[27], which consists of two convolutional layers and three full-connected
layers with ReLU activation. The learning procedure for CIFAR-100 and
Fashion-MNIST is the same as that for CIFAR-10 in the chapter. Specifi-
cally, we first train the whole network on noisy data with different training
epochs. For the final layer, we directly report the overall classification per-
formance. For other selected layers, we frozen the parameters for the se-
lected layer and previous layers, and then reinitialize and optimize the rest
layers with clean data, and the final classification performance is adopted
to evaluate the impact of noisy labels. We do not use image augmentation
techniques for Fashion-MNIST dataset.
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Figure B.2: We adopt LeNet as the model on Fashion-MNIST and eval-
uate the impact of noisy labels on the representations from the 1-st layer,
the 4-th layer, and the final layer. The curves present the mean of five
runs and the best performances highlight with dotted vertical lines. Note
that vertical lines are merged together for the 1-st layer and 4-th layer on
Symmetric 50%, and vertical lines of the 1-st layer and the final layer are
merged together on Instance 40%.

Figure B.1 and Figure B.2 demonstrate the impacts of noisy labels
on different layers on CIFAR-100 and Fashion-MNIST, respectively. From
Figure B.1, we can see that the drop of the green line (the final layer) is
the largest, the blue line (the 33-th layer) has a gradual decline, and the
orange line (the 17-th layer) is relatively stable during the training process.
These observations are similar to those for CIFAR-10. The performance
of 17-th layer in ResNet-34 is affected by noisy labels later and less than
that of the 9-th layer in ResNet-18. It is because there are more layers
after the 17-th layer in ResNet-34 than the 9-th layer. Similar trends are
observable in Figure B.2. The first layer is nearly unaffected by noisy labels,
and the performance of the final layer has a larger decline compared with
the 4-th layer. The learning speeds of different layers are unapparent in
LeNet, since there are only three hidden layers in LeNet, and the gradient
of losses transfers much easier compared with deeper networks. Another
reason may be the simplicity of patterns in Fashion-MNIST without image

augmentation techniques, which leads the convolutional layers to learn fast.

In the chapter, we compare our results with baselines evaluated with
a single network. In this section, we compare our method with state-
of-the-art methods with ensemble two networks taken from the original
papers |65, 72]. We also adopt cross-entropy and MixUp [141] with a single

network as baselines. From Table B.3, we can observe our results with a
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Table B.3: Comparison with state-of-the-art methods using ensemble two
networks and semi-supervised learning on CIFAR-10 and CIFAR-100 with
symmetric label noise from different levels. Baseline results are taken from
[65] and [72]. The highest results are reported for all the methods.

Dataset CIFAR-10 CIFAR-100
Methods / Noise | Sym-20% | Sym-50% | Sym-80% | Sym-20% | Sym-50% | Sym-80%
CE 87.2 80.9 65.8 58.1 47.5 23.6
MixUp 93.5 88.4 73.6 69.7 57.9 34.69
DivideMix* 96.1 94.6 93.2 7.3 74.6 60.2
ELR+ 95.8 94.8 93.3 77.6 73.6 60.8
Ours (Semi) 96.1 95.3 93.3 7.7 74.9 62.3

single network are comparable to results of baselines with ensemble two
networks. Specifically, on CIFAR-100, our method outperforms state-of-

the-art methods across all settings.
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C.1 CIFAR20-SDN

C.1.1 Construction Details

Subclass-dominant label noise (SDN) is designed to mimic human labeling
errors, which often emerge from distinct characteristics of examples. To
identify such examples, we employ CIFAR-100, which provides two types
of labels: class labels and sub-class labels. Samples belonging to the same
subclass are considered to possess distinct characteristics. During the gen-
eration of the SDN dataset, we randomly flip a specified number of the
last subclass labels within each class to the subsequent class. For instance,
the labels of the "whale" subclass within the "aquatic mammals" class
are probabilistically flipped to the "fish" class. Table C.1 illustrates the
flipped sub-classes and the relationships between classes and sub-classes in
CIFAR-100. For simplicity, we refer to this newly generated SDN dataset
as CIFAR20-SDN.

C.1.2 Diverse Challenges across Different Classes

CIFAR20-SDN presents a multifaceted landscape with its array of sub-
classes, paving the way for a comprehensive study of SDN and a deeper
insight into the intricacies of early stopping. In our experiments, we adjust
the overall noise rate from 0% to 20%. This implies that within each specific

subclass, the noise rate varies from 0% to 100%.
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Table C.1: The table outlines the comprehensive structure of the classes
within CIFAR20-SDN. Sub-classes marked in bold denote those from which
examples are selectively flipped.

Class name Abbreviation | Sub-classes name

aquatic mammals aquatic beaver, dolphin, otter, seal, whale

fish fish aquarium fish, flatfish, ray, shark,trout

flowers flowers orchids, poppies, roses, sunflowers, tulips

food containers containers bottles, bowls, cans, cups, plates

fruit and vegetables fruit apples, mushrooms, oranges, pears, sweet peppers
household electrical devices electrical clock, computer keyboard, lamp, telephone, television
household furniture furniture bed, chair, couch, table, wardrobe

insects insects bee, beetle, butterfly, caterpillar, cockroach
large carnivores carnivores bear, leopard, lion, tiger, wolf

large man-made outdoor things | man-made bridge, castle, house, road, skyscraper

large natural outdoor scenes natural cloud, forest, mountain, plain, sea

large omnivores and herbivores | omnivores camel, cattle, chimpanzee, elephant, kangaroo
medium-sized mammals m-mammals | fox, porcupine, possum, raccoon, skunk
non-insect invertebrates invertebrates | crab, lobster, snail, spider, worm

people people baby, boy, girl, man, woman

reptiles reptiles crocodile, dinosaur, lizard, snake, turtle

small mammals s-mammals hamster, mouse, rabbit, shrew, squirrel

trees trees maple, oak, palm, pine, willow

vehicles 1 vehicles 1 bicycle, bus, motorcycle, pickup truck, train
vehicles 2 vehicles 2 lawn-mower, rocket, streetcar, tank, tractor

As illustrated in Figure C.1, the effectiveness of early stopping in ad-
dressing SDN is notably inconsistent, heavily contingent on the specific
subclass. Our analysis identifies two primary factors that significantly in-
fluence the success of early stopping. First, when the mislabeled subclass
shares substantial semantic similarities with the clean class, distinguishing
mislabeled examples from the clean class becomes challenging. For in-
stance, mislabeling an instance from the "whale" subclass as a "fish" class
is difficult to discern from other "fish" instances. Second, when classes
have low diversity, the network tends to identify outliers, thus facilitating
the detection of mislabeled examples, such as "trees" and "flowers". Con-
versely, distinguishing between correctly labeled and mislabeled examples
becomes considerably more challenging in classes with higher diversity, such

as "insects".

C.1.3 Clusters Effects

We train a ResNet-18 on CIFAR20-SDN for 200 epochs with an overall
noise rate of 18% (SDN-18). Afterward, we utilized t-SNE to visualize all
45,000 training examples. By comparing Figure C.2 (a) and (b), we can
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Figure C.1: The figure shows the effectiveness of early stopping across
different classes and various noise rates. When the noise rate in the dataset
is small, early stopping performs well in all classes. However, when it is
over 50%, memorized mislabeled samples increases rapidly.

pinpoint the noise locations, specifically evident in the small clusters. No-
tably, the vast majority of the mislabeled examples tend to cluster together
and usually maintain a distance from their noisy class. This pattern sug-
gests that clustering algorithms, such as DBSCAN, can effectively identify
them. However, when the semantics of mislabeled examples closely match
those of the noisy class, these mislabeled examples’ clusters may not be
distinct from the main cluster of the noisy class, which is a limitation of

our proposed method.

C.2 Experimental Settings

Data preprocessing. For all experiments, we employ simple data aug-
mentation, including random crop and horizontal flip. For the Clothing-1M
dataset, images are initially resized to a resolution of 256 x 256 pixels. Sub-
sequently, a random crop is applied to produce images of 224 x 224 pixels,

which are then followed by a random horizontal flip.

Hyper-parameters of semi-supervised learning. We follow [65,
7], and combine NoiseCluster with the semi-supervised learning method,
MixMatch [11]. For experiments with SSL, we set K = 2, T' = 0.5, and
Ay = 0. « begins at 4 and drops to 0.75 after half of the total number of

epochs.
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(a) CIFAR20-SDN with noisy labels (b) CIFAR20-SDN with clean labels

Figure C.2: The figure shows the distribution of training examples after
200 epochs on CIFAR20-SDN. We can find that the large clusters represent
examples with correct labels, whereas the smaller clusters indicate those
with incorrect labels.

Clothing1M. Due to the large size of the ClothinglM dataset [130],
which consists of one million training examples, the computational time for
t-SNE is significantly extended. This volume of data also results in changes
to the hyper-parameters. To address these issues, we split the ClothinglM
training data into two parts: a larger subset containing 950,000 examples
and a smaller one with 50,000 examples. We initially employ the larger
subset for training a model with early stopping. Subsequently, based on
the trained model, we select and correct confident data from the smaller
subset. This corrected data is then used for the remainder of the training
process. Note that the model used in the Clothingl M experiments has been
pre-trained with the ImageNet-1k dataset [60], leading to the generation
of separable representations. As a result, late stopping is omitted in this
case. When applying NoiseCluster to a model trained from scratch, it is

advisable to employ late stopping.
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Figure C.3: Ablation analyses of stopping epoch. The mean and standard
deviation (percentage) computed over five runs are presented.

C.3 Additional Experiments

C.3.1 Ablation Study for Stopping Epoch

The effectiveness of NoiseCluster relies on long-trained representations de-
rived from a model trained with later stopping, which stops the training
process significantly later than what is common with early stopping. This
raises two pertinent questions: How is the stopping epoch determined for
later stopping? And does it display the same sensitivity as early stopping?
To address these questions, we conduct a series of ablation experiments,

adjusting the stopping epoch from 20th to 200th epochs.

As shown in Figure C.3, NoiseCluster does not perform well with rep-
resentations obtained at the 20th epoch, indicating that the effectiveness
of NoiseCluster hinges on long-trained representations. Additionally, we
can observe that NoiseCluster maintains a stable performance between the
50th and 100th epochs. This span is considerably wider compared to early
stopping, which typically require a precise stopping epoch or operate within
a relatively narrow range [65, 72, 7]. To delve deeper into the impact of
the stopping epoch, we expand the training period for later stopping, and
stop the training up to the 200th epoch. Despite a slight drop in the per-
formance of NoiseCluster, attributable to the degradation of representation
quality, it remains superior to the best baseline, CDR[124]. These exper-

iments suggest that the choice of the stopping epoch in NoiseCluster can
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(b) T = —4.5

Figure C.4: (a, b) display the best estimated transition matrices during
the training process with T = —2 and T = —4.5. The estimated noisy
class-posterior probabilities are seen to be widespread across all classes,
which is inconsistent with the generation of CIFAR20-SDN.

be made with considerable flexibility, displaying minimal sensitivity and

negligible impact on the performance of NoiseCluster over a broad range.

C.3.2 Explore Noise-modeling-based Approaches

In this section, we further investigate into why noise-modeling-based ap-
proaches are ineffective for SDN. Methods based on noise modeling build a
transition matrix between the clean distribution and noisy distribution |97,
128]. We utilize the state-of-the-art method, VolMinNet [68], on CIFAR20-
SDN with a noise rate 18%. Following the original paper [68], we set T to
-2 and -4.5, respectively.

As depicted in Figure C.4, it is evident that T holds the capability to
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Table C.2: Training time comparison on CIFAR20-SDN with SDN-12.
All methods run on four core CPU and a single Nvidia V100.

NoiseCluster  JointOptim TopoFiler CDR
1.7h 2.5h 1.5h 5.5h

NoiseCluster+ DivideMix PES semi F-DivideMix
2h 5.5h 3.1h 14.2h

modulate the extent of estimated noisy class-posterior probabilities within
the transition matrix. For example, with 7" = —2, VolMinNet predicts
higher noisy class-posterior probabilities in the transition matrix compared
to that with 7' = —4.5. However, neither of these T settings successfully
enable an accurate estimation of the transition matrix. Consequently, these

inaccurately estimated transition matrices result in inferior performance on

SDN.

C.3.3 Training Time Comparison

We evaluate the efficiency of our proposed method with state-of-the-art
baselines. Table C.2 displays the total training time on CIFAR20-SDN.
We can see that the training time of NoiseCluster is comparable to that of
TopoFiler [121] and faster than JointOptim [108] and CDR|[124]. Further-
more, NoiseCluster+ exhibits substantial efficiency compared with other
baselines that employ SSL. For instance, it requires less than half the time
needed by DivideMix [65].

C.4 Exploring SDN in Real-world Datasets

We presented only a limited number of SDN examples. In this subsection,
we provide additional visual evidence to further demonstrate the presence
of SDN in the ClothinglM and WebVision datasets.

C.4.1 SDN in ClothinglM

Figure C.5 presents a step-by-step exploration process for the ClothinglM

dataset, demonstrating how features of mislabeled examples are clustered
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Table C.3: Top-1 performance of our re-implemented DivideMix models
alongside the pre-trained models, as assessed on the ImageNet and WebVi-
sion validation datasets. By employing an ensemble of pre-trained models,
we generate pseudo clean labels to effectively identify mislabeled examples.

Methods Classes | WebVision | ImageNet
DivideMix 50 77.34 75.2
DivideMix (reproduce) 50 77.04 74.24
Regnet y 128gf (IMAGENETIK SWAG E2E V1) | 1000 | 86.64 91.12
ViT_H_ 14 (IMAGENETIK SWAG E2E V1) 1000 | 86.08 91.2
Ensemble pretrained models 1000 86.96 91.6

together based on their semantics. Given the plethora of terms available
for different clothing items, we can use accurate names to pinpoint these
sub-classes. We highlight three sub-classes prominently impacted by label
noise: "Sleep T-Shirt," "Leather Jacket," and "Down Vest," as shown in

Figures C.6, C.7, and C.8.

We can also observe that some mislabeled examples are not clustered
together, but are instead evenly dispersed in some classes. It is impor-
tant to understand that in the real world, clothing categories are not solely
distinguished by visual features. For instance, the features of "Sweater"
and "Knitwear" are intertwined, with the main distinction being the mate-
rial, not the visual appearance. Similarly, the categories "Underwear" and
"Vest" (correct name:"singlet" or "tank top") lead to confusion since some

garments can serve multiple purposes.

Removing correctly labeled examples. Early stopping not only
helps remove mislabeled examples but also inadvertently excludes those
that are correctly labeled when SDN exists. A closer inspection of in-
stances within the "Leather Jacket" cluster confirms the issue: out of the
total examples, 313 are mislabeled, with only 23 correctly labeled. This
finding indicates that more than 90% of the "Leather Jacket" examples are
incorrectly labeled in the original dataset. Furthermore, the implementa-
tion of early stopping leads to the removal of the small fraction of correctly
labeled examples from the confident set, as shown in Figure C.9, pushing

the noise rate from over 90% to close to 100%.
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C.4.2 SDN in WebVision

To extend our evaluation of SDN prevalence, we engage in experiments us-
ing another real-world dataset: WebVision V1.0 [67]. Following the setting
presented in [18], we utilize the first 50 classes of WebVision, known as
"mini WebVision". To demonstrate the flexibility of integrating with ex-
isting early stopping methods, we employ DivideMix to select confident ex-
amples and extract long-trained representations from two networks, which
have been trained for 80 epochs. The extracted features are presented
in Figure C.10. We utilize an ensemble of pre-trained models to produce

pseudo clean labels, and their performance is depicted in Table C.3.

In Figures C.11, C.12, and C.13, it is evident that, despite clear dis-
crepancies between mislabeled and correctly labeled images, methods based
on early stopping struggle to effectively identify these mislabeled examples.
Moreover, these mislabeled samples do not fall into conventional categories
such as "human" or "cars". Instead, they cluster according to different
criteria, sharing similarities in attributes like shape and color with their
correctly labeled counterparts. By considering out-of-domain examples as
a single, unified class—termed "other", the mislabeled examples within

each class can be interpreted as sub-classes of this "other" category.
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Figure C.5: (a) We visualize the features of all the examples in the eval-
uation set with noisy labels. (b) By removing unconfident examples, the
features of confident examples are better separated. (c) We visualize the
features of confident examples with clean labels. (d) We visualize the fea-
tures of mislabeled examples in the confident set with clean labels. It is
evident that the majority of mislabeled examples cluster together, confirm-
ing our observation of the clustering phenomenon in long-trained represen-

tations.



108 Appendix C. Supplementary for Chapter 6

Figure C.6: Subclass: Sleep T-Shirt, positioned at coordinates (X:0.45,
Y:0.1). The first row displays images from the "T-Shirt" class. The sec-
ond row showcases those from the "Underwear" class, while the third and
fourth rows present images mislabeled as "Underwear". For the mislabeled
pictures, it’s evident that these images depict a type of shirt meant for
home use, Sleep T-Shirt. After comparing images in the test set and Chi-
nese label names, we put the correct names in parentheses.

Figure C.7: Subclass: Leather Jacket, positioned at coordinates (X:0.75,
Y:0.6). The first row images are from the "Jacket" class, and the sec-
ond row presents images correctly labeled as the "Windbreaker" class (cor-
rect name:"trench coat"). Clearly, these mislabeled images belong to the
"Leather Jacket" subclass within the "Jacket" category.
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Figure C.8: Subclass: Down Vest, positioned at coordinates (X:0.9,
Y:0.3). The first row displays images from the "Down coat" class, while the
second row showcases those from the "Vest" class (correct name:"singlet"
or "tank top"). When the "Vest" class is absent, these mislabeled images
should be classified as "Down Vest" within the "Down coat" class.

Figure C.9: We discover 23 instances of "Leather Jacket" within the
unconfident set. Despite being correctly labeled, these images are omitted
from the confident set due to using early stopping. This process results in
a purer cluster that predominantly contains mislabeled examples.
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(b) Pseudo clean labels

Figure C.10: Due to the absence of clean labels for the training data in
WebVision, we employ two pre-trained models from PyTorch to generate
pseudo-clean labels. While the pseudo-clean labels may not be accurate,
they suffice to provide a general overview of the distribution of mislabeled
examples. We then visualize confident features for the first ten classes using
t-SNE, comparing noisy labels with the pseudo-clean ones. The category
"other" represents examples where predictions from the pre-trained models
are not in the first ten classes.
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Figure C.11: Explore images categorized under the "Electric Ray" class.
The first row showcases images sourced from the ImageNet validation set,
while the second row features images from the WebVision validation set.
Correctly labeled training images are in the third row, whereas the fourth
and fifth rows illustrate instances of mislabeling in the training set. We
can find majority of mislabeled images are in "black and white" pattern,
which are close to some examples in the third row, so we call it "black and
white" subclass.
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Figure C.12: The row structure remains consistent with the previous
format. Notably, numerous cars are incorrectly classified in this category,
alongside the presence of wheels and ships. The leading attribute contribut-
ing to this misclassification is likely the presence of "curves".

Figure C.13: The row structure remains consistent with the previous
format. The mislabeled subclass may derive from color attributes, such
as pink or white, which serve as the decisive classification features for the
"hen" category.
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