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Abstract

Modern machine learning is evolving toward increasingly complex models, such
as deep neural networks, which rely on large volumes of well-annotated data.
Crowdsourcing offers an efficient and cost-effective way to gather labels, but it
often fails to provide a sufficient number of high-quality labels. This raises a critical
question: How can we design robust structures to enhance learning from noisy
labels?

Without such structures, labels obtained through crowdsourcing tend to be
noisy, which negatively impacts model performance. Convolutional neural networks
(CNNs) are particularly vulnerable, as they can overfit when trained on mislabeled
data. To address this issue, we adopt the Co-Training framework, which consists of
two parallel models that learn from each other and correct each other’s errors.

The challenge, then, is to enhance this learning process. This thesis explores
methods to improve Co-Training’s ability to handle noisy labels, strengthening its
effectiveness and robustness in real-world scenarios.

Therefore, in this thesis, we aim to develop a series of robust machine learning
approaches, so that they can perfectly handle the difficulty from noisy supervision.
Our works are summarized as follows:

Chapter 3: Recognizing that feature similarity in collaborative training se-
tups can lead to suboptimal learning outcomes, we developed the Discriminate
Co-Training model. This approach adapts the collaborative training framework
by implementing discrepancy constraints between the feature extractors of two
networks. These constraints allow each network to learn distinct, discriminative
features, effectively pacifying the mimicry tendency often seen in homogeneous
networks. Without these constraints, networks in co-training setups frequently
replicate each other’s features, which diminishes the model’s resilience to noise. By
addressing this mimicry problem, our model leverages the diversity of features to
improve overall robustness and accuracy, particularly in noisy environments.

Chapter 4: Building on the insights from the previous chapter, we utilize
Sinkhorn loss to enhance diversity further among models in a co-training setup.
Traditional metrics like maximum mean discrepancy and Wasserstein distance are
powerful but limited in their scope. Sinkhorn synthesizes these metrics, encap-
sulating their advantages while offering a more unified and efficient approach to
measuring and encouraging diversity between models. This chapter explains the
mathematical formulation of Sinkhorn and illustrates its benefits in promoting diver-

4



sity between deep learning networks. This approach fosters resilience against noise
by preventing convergence on similar features, thereby boosting model accuracy
and reliability in noisy data scenarios.

Chapter 5: To explore the potential of transformers in handling noisy datasets,
we propose a novel Contrastive Co-Transformer model. Transformers have shown
significant promise due to their capacity to learn complex dependencies, making
them highly adaptable in situations with noisy labels. Our model leverages a
combination of contrastive loss and classification loss to utilize all data samples,
whether clean or noisy, without requiring pre-filtering or assumptions about data
quality. This chapter discusses how transformers trained under this framework
can harness the entirety of the dataset, achieving strong performance even when a
substantial portion of the labels are noisy. We detail the architecture and training
dynamics, demonstrating how transformers’ inherent robustness can be amplified
with this approach.

Chapter 6: Finally, to advance the robustness of learned representations in noisy
datasets, we apply Sinkhorn in the context of deep embedding learning. Tradi-
tional embedding methods often falter in noisy environments, leading to unreliable
representations that weaken model performance. By integrating Sinkhorn, our
framework learns optimal embeddings that remain robust even with label noise.
This chapter explains the practical applications and advantages of embedding learn-
ing using Sinkhorn, emphasizing its simplicity and effectiveness in maintaining
model accuracy and feature diversity.
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Chapter 1

Introduction

In this chapter, we outline our motivations, which naturally lead to several potential
directions for improvement. We then introduce previous and related work on
learning from noisy labels, followed by sections that discuss the limitations of these
methods. We then detail our contributions to enhancing the structure, making it
more robust and accurate for learning from noisy labels. The final two sections
provide an overview of the thesis structure and my publications during my PhD
studies.

1.1 Motivations: Why Learning From Noisy Labels?

Deep neural networks can be utilized in various real-world applications. However,
before being employed for a particular task, the model must undergo a learning
process. In the case of image classification, the model needs to learn from accu-
rately labeled data. For research purposes, there are several clean datasets such as
ImageNet, CiFAR10, CiFAR100, and MNIST available.

In real-world problems, clean datasets are not always accessible. Creating
clean datasets for each specific application requires a significant amount of human
resources, and even experts may struggle to accurately label images, particularly
when identifying different birds. Consequently, low-quality labels can adversely
affect the performance of learning models [47, 104, 134], reducing the accuracy
of deep neural networks by 20% or more. Even with the rapid development of
computer vision, the famous and widely-used clean datasets are still limited, the
famous clean datasets are : MNIST: This dataset consists of 28x28 pixel grayscale
images of handwritten digits (0-9), widely used for digit classification tasks. CIFAR-
10 and CIFAR-100: CIFAR-10 contains 60,000 32x32 color images in 10 classes,
while CIFAR-100 contains the same number of images but in 100 classes. ImageNet:
ImageNet is one of the largest labeled image datasets, containing millions of images
categorized into thousands of classes. The ILSVRC (ImageNet Large Scale Visual
Recognition Challenge) subset is commonly used, which consists of over 1.2 million
images across 1,000 classes. PASCAL VOC (Visual Object Classes): PASCAL
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CHAPTER 1. INTRODUCTION

VOC datasets contain images with annotations for object detection, segmentation,
and classification tasks. There are several versions, with PASCAL VOC 2007
and 2012 being the most commonly used. COCO (Common Objects in Context):
COCO is a large-scale object detection, segmentation, and captioning dataset. It
contains over 200,000 labeled images across 80 categories. Stanford Dogs and
Stanford Cars: These datasets contain images of dogs and cars, respectively, with
annotated bounding boxes. They are often used for fine-grained classification tasks.
Caltech-256: This dataset consists of 30,607 images across 256 object categories,
suitable for object recognition tasks. Oxford-IIIT Pet Dataset: This dataset contains
images of cats and dogs, with annotations for fine-grained classification tasks. UC
Merced Land Use Dataset: This dataset contains aerial images of 21 land use classes,
suitable for land use classification tasks. Fashion MNIST: Similar to MNIST, this
dataset contains grayscale images of fashion items like clothing and accessories,
aimed at benchmarking computer vision algorithms.

Research conducted at institutions like MIT has scrutinized the prevalence of
noisy labels within renowned datasets such as ImageNet and CiFAR. Despite the
meticulous curation of these datasets, inherent challenges persist, stemming from
factors such as human annotation errors, subjective labeling criteria, and inherent
data ambiguities. These sources of label noise can detrimentally impact machine
learning models by inducing overfitting, reducing generalization capabilities, and
introducing biases into predictions. Consequently, there exists a pressing need for
the development and refinement of methodologies aimed at mitigating the adverse
effects of label noise. Proposed strategies encompass a spectrum of techniques
including the formulation of robust loss functions, the employment of data augmen-
tation schemes, as well as the exploration of semi-supervised and active learning
paradigms. Continued investigation into the characterization and mitigation of label
noise remains paramount for enhancing the reliability and robustness of machine
learning models, particularly within real-world contexts where data quality may be
variable.

Due to limited knowledge, understanding of the underlying task and random
mistakes, crowd-source workers performing manual annotation of such large scale
datasets cannot be expected to annotate with 100% accuracy.

Example of a dataset with noisy labels are shown in Figure 1.1. The example
noisy dataset in Figure 1.1 is contributed by searching the key word ”panda” and
”red apple” on google respectively. As can be seen from Fig 1.1, there were both
true panda images as well as red panda and other panda related images. For the
other key word ”red apple”, the searching results included some random images as
well. That is to say, if one wants to create image dataset without crowd-source (only
by online searching), the dataset would contain large amount of noise. To deal with
such noisy dataset, people can either spend time correct the corrupted labels or find
methods to train from noisy dataset.

To address the issue of label noise, several techniques have been proposed,
including data augmentation, active learning, and robust optimization. Data aug-
mentation involves introducing variations in the input data to increase the size of the
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Images labelled as Panda Images labelled as Red Apple

Figure 1.1: noisy-dataset. The above figure lists two different classes. Left is panda
class, all images are labeled as panda. Right is red apple class. Images which are
corrected labeled are marked blue; corrupted labeled are marked red.

dataset, which can help reduce overfitting. Active learning involves selecting the
most informative samples to label, thereby reducing the number of noisy samples in
the dataset. Robust optimization involves modifying the loss function to be more
tolerant of label noise, which can help the model learn from the noisy data.

In addition to these techniques, several methods have been proposed for identify-
ing and correcting label noise. One common approach is to use multiple annotators
and measure the degree of agreement between them. Samples with low agreement
can be flagged as potentially noisy, and the labels can be corrected or discarded.
Another approach is to use semi-supervised learning, where the model learns from
both labeled and unlabeled data. The unlabeled data can act as a source of additional
information to help correct the noisy labels.

In summary, label noise is a common issue when working with large-scale
datasets, and addressing it is crucial to ensure accurate predictions by deployed
models. While it is possible to train models on noisy data, it is important to take
steps to mitigate the negative impact of label noise on the model’s performance.
Techniques such as data augmentation, active learning, and robust optimization
can help reduce overfitting, while methods such as multiple annotators and semi-
supervised learning can help identify and correct noisy labels.

The corruption of data due to label noise can cause the model to make incorrect
predictions, emphasizing the need to handle label noise in a systematic manner.
Although there is a vast amount of readily available information online, accepting
noisy data during training can result in neural networks overfitting to the noise
[153, 90, 85]. [162] has shown that even random labels can be easily fit by deep
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neural networks, particularly deeper and wider ones that have a greater capacity
to memorize the training data. Additionally, research has found that a noise rate
of 20% can have a significantly negative impact on test accuracy, with some cases
showing a halving of the accuracy, as argued in [19].

The research community has realized the importance of learning from noisy
labels. The research work can be dated back to 1990s. So far, there are lots of
methods on the topic.

Learning from noisy labeled image datasets is motivated by several factors.
Here are some potential motivations:

Cost-effectiveness: Acquiring large labeled datasets can be expensive and time-
consuming. In some cases, obtaining accurate labels for images may require the
expertise of human annotators, which can be costly. Noisy labeled datasets, which
may contain errors in the labels, can be less expensive to acquire and can still
provide useful information for training machine learning models.

Real-world scenarios: In many real-world scenarios, it may be difficult or
impossible to obtain perfectly labeled datasets. For example, in medical imaging,
some images may be labeled by non-experts or may have ambiguous labels due
to the complexity of the underlying pathology. In such cases, learning from noisy
labeled datasets can be a practical solution.

Robustness: Machine learning models that are trained on noisy labeled datasets
may be more robust to label noise and other forms of perturbations. By exposing the
model to different types of noise and errors during training, it can learn to generalize
better and perform well on new, unseen data.

Generalization: Noisy labeled datasets can also help prevent overfitting and
improve generalization performance. Since the model is exposed to more diverse
examples and variations in the training data, it can learn to capture the underlying
patterns and features of the images, rather than memorizing the labels of the training
data.

Overall, learning from noisy labeled image datasets can be motivated by a com-
bination of cost-effectiveness, real-world scenarios, robustness, and generalization.

1.2 Previous Work

(1) In numerous studies, architectural changes have been made to model the noise
transition matrix of a noisy dataset [16], [75], [82]. These changes include adding a
noise adaptation layer at the top of the softmax layer and designing a new dedicated
architecture. The resulting architectures yield improved generalization through the
modification of the DNN output based on the estimated label transition probability.

(2) Robust Regularization Regularization methods have been widely studied to
improve the generalizability of a learned model in the machine learning community
[23]–[26]. By avoiding overfitting in model training, the robustness to label noise
improves with widely-used regularization techniques such as data augmentation [23],
weight decay [24], dropout [25], and batch normalization [26]. These canonical
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regularization methods operate well on moderately noisy data, but they alone do
not sufficiently improve the test accuracy; poor generalization could be obtained
when the noise is heavy [86]. Thus, more advanced regularization techniques have
been recently proposed, which further improved robustness to label noise when
used along with the canonical methods. The main advantage of this family is its
flexibility in collaborating with other directions because it only requires simple
modifications.

(3) Robust loss adjustment Loss adjustment is effective for reducing the neg-
ative impact of noisy labels by adjusting the loss of all training examples before
updating the DNN [19], [62], [69], [107]–[111]. The methods associated with it
can be categorized into three groups depending on their adjustment philosophy:
1) loss correction that estimates the noise transition matrix to correct the forward
or backward loss, 2) loss reweighting that imposes different importance to each
example for a weighted training scheme, 3) label refurbishment that adjusts the
loss using the refurbished label obtained from a convex combination of noisy and
predicted labels, and 4) meta learning that automatically infers the optimal rule
for loss adjustment. Unlike the robust loss function newly designed for robustness,
this family of methods aims to make the traditional optimization process robust to
label noise. Hence, in the middle of training, the update rule is adjusted such that
the negative impact of label noise is minimized. In general, loss adjustment allows
for a full exploration of the training data by adjusting the loss of every example.
However, the error incurred by false correction is accumulated, especially when the
number of classes or the number of mislabeled examples is large [112].

(4) To avoid any false corrections, many recent studies [19], [70], [99], [112],
[131]–[137] have adopted sample selection that involves selecting true-labeled
examples from a noisy training dataset.

1.3 Limitations of Current Methods

1. Reducing Model Complexity:
To tackle overfitting, simpler architectures or regularization techniques (e.g.,

dropout or data augmentation) can be incorporated to reduce complexity while
maintaining model robustness. Techniques like co-teaching or self-paced learning
train simpler auxiliary models alongside the main model to handle noisy labels more
effectively.

2. Lowering Computational Costs:
For resource-intensive methods, approximate or heuristic-based algorithms can

help reduce computation. Techniques such as sample selection (choosing less noisy
subsets) and gradient clipping (limiting parameter updates) have proven effective in
noisy environments without significant computational overhead.

3. Reducing Dependence on Clean Data:
Semi-supervised learning and self-supervised techniques can leverage the noisy

dataset itself, without requiring clean data. Consistency regularization and pseudo-
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Figure 1.2: A high level research overview of robust deep learning for noisy
labels. The research directions that are actively contributed by the machine learning
community are categorized into five groups in blue italic.

labeling encourage the model to rely on its own predictions to refine learning over
time, making these approaches feasible for situations where clean data is hard to
obtain.

4. Increasing Cross-Domain Applicability:
Cross-domain noise-robust algorithms such as meta-learning or domain adapta-

tion improve generalization across datasets with varying types of noise. Methods
that do not rely on domain-specific assumptions can help expand applicability.

5. Adapting to Varied Noise Distributions:
To overcome assumptions about noise distributions, distribution-agnostic mod-

els (e.g., robust loss functions or adversarial training) are better suited for real-world
variability in noise patterns. These methods aim to generalize across different types
of noise distributions, rather than relying on specific assumptions.

6. Handling Sensitivity to Noise Rate:
Techniques such as noise-robust loss functions (e.g., mean absolute error or

generalized cross-entropy) are less sensitive to noise levels and can maintain perfor-
mance even when the noise rate fluctuates. Adaptive frameworks that can estimate
and adjust to noise levels during training can also address this issue.

7. Simplifying Hyperparameter Tuning:
Automated tuning methods, like Bayesian optimization or grid search, can

reduce the difficulty of finding optimal hyperparameters. Additionally, self-tuning
algorithms that dynamically adjust hyperparameters based on training feedback are
emerging as promising alternatives.

8. Improving Noise Detection:
Methods such as confidence-based filtering and ensemble-based approaches

can help identify likely noisy labels. Explainable AI (XAI) techniques, like feature
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importance measures, are also increasingly used to flag mislabeled samples for
correction.

9. Enhancing Interpretability:
Incorporating attention mechanisms and layer-wise relevance propagation (LRP)

can increase interpretability, allowing researchers and practitioners to understand
how the model responds to noise and how it corrects label errors.

10. Minimizing Bias Introduction:
To mitigate the risk of bias, fairness-aware learning and adversarial training can

be applied. Bias detection tools and rigorous validation against diverse datasets
help prevent unintended biases introduced by noise-handling mechanisms. Each of
these solutions contributes toward developing more robust, efficient, and versatile
methods for handling noisy labels, particularly as these methods continue to evolve
and adapt to real-world complexities across different applications and domains.

Based on the aforementioned limitations, the following research question
arises:How can we design robust deep learning structures that maintain high per-
formance and generalization ability when trained on datasets containing significant
label noise? To elaborate further, the general research question can be specified
through the following sub-questions: 1.How can collaborative or co-training frame-
works be improved to reduce overfitting and enhance robustness when learning from
noisy labels? 2. How can divergence-based metrics such as Sinkhorn be leveraged
to enforce diversity between models and improve resistance to label corruption?
3. Can transformer-based architectures and contrastive objectives be combined
to further enhance robustness and generalization under high noise ratios and in
real-world noisy datasets?

1.4 Outline and Contributions

1.4.1 Outline

Chatper 1 To address the significant challenge of learning from noisy labels, we
begin by establishing the real-world impact of label noise and the urgent need for
robust methods capable of managing it. Label noise is a prevalent issue in datasets
from various domains, such as medical imaging and autonomous driving, where
errors in labeling are common due to the subjective or complex nature of the data.
This chapter reviews existing approaches for handling noisy labels and emphasizes
their limitations, such as inadequate generalization, computational inefficiencies, or
susceptibility to specific types of noise. This discussion leads to the motivation for
the new solutions proposed in this research, which aim to improve model robustness
and accuracy. We also define the primary terminology and notations that will be used
throughout the thesis, providing a clear foundation for the advanced discussions
that follow.

Chapter 2 Recognizing that feature similarity in collaborative training setups can
lead to suboptimal learning outcomes, we developed the Discriminate Co-Training
model. This approach adapts the collaborative training framework by implementing
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discrepancy constraints between the feature extractors of two networks. These
constraints allow each network to learn distinct, discriminative features, effectively
pacifying the mimicry tendency often seen in homogeneous networks. Without
these constraints, networks in co-training setups frequently replicate each other’s
features, which diminishes the model’s resilience to noise. By addressing this
mimicry problem, our model leverages the diversity of features to improve overall
robustness and accuracy, particularly in noisy environments.

Chapter 3 Building on the insights from the previous chapter, we utilize Sϵ

to enhance diversity further among models in a co-training setup. Traditional
metrics like maximum mean discrepancy and Wasserstein distance are powerful but
limited in their scope. Sϵ synthesizes these metrics, encapsulating their advantages
while offering a more unified and efficient approach to measuring and encouraging
diversity between models. This chapter explains the mathematical formulation of Sϵ

and illustrates its benefits in promoting diversity between deep learning networks.
This approach fosters resilience against noise by preventing convergence on similar
features, thereby boosting model accuracy and reliability in noisy data scenarios.

Chapter 4 To tackle the challenges of noisy data directly, we developed a
Contrastive Co-Training framework, which combines the simplicity of contrastive
learning with the strengths of co-training. This model, designed for both efficiency
and high performance, outperforms many state-of-the-art techniques by providing
a straightforward yet powerful means of differentiating noisy from clean data. In
contrastive learning, samples are compared to learn effective representations, and in
our model, this comparison helps the networks distinguish more effectively between
signal and noise. The simplicity of this approach allows for faster training without
sacrificing accuracy, making it a practical and robust solution for handling noisy
labels.

Chapter 5 To explore the potential of transformers in handling noisy datasets,
we propose a novel Contrastive Co-Transformer model. Transformers have shown
significant promise due to their capacity to learn complex dependencies, making
them highly adaptable in situations with noisy labels. Our model leverages a
combination of contrastive loss and classification loss to utilize all data samples,
whether clean or noisy, without requiring pre-filtering or assumptions about data
quality. This chapter discusses how transformers trained under this framework
can harness the entirety of the dataset, achieving strong performance even when a
substantial portion of the labels are noisy. We detail the architecture and training
dynamics, demonstrating how transformers’ inherent robustness can be amplified
with this approach.

Chapter 6 Finally, to advance the robustness of learned representations in noisy
datasets, we apply Sϵ in the context of deep embedding learning. Traditional
embedding methods often falter in noisy environments, leading to unreliable rep-
resentations that weaken model performance. By integrating Sϵ, our framework
learns optimal embeddings that remain robust even with label noise. This chapter
explains the practical applications and advantages of embedding learning using Sϵ,
emphasizing its simplicity and effectiveness in maintaining model accuracy and
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feature diversity.
We present empirical results to validate the strength of this approach, high-

lighting its ability to deliver reliable, noise-resilient embeddings that improve
downstream tasks.

1.4.2 Publications During PhD Study

1. Han, Y., ROY, S., Petersson, L. and Harandi, M., 2020. Learning from noisy
labels via discrepant collaborative training. In Proceedings of the IEEE/CVF Winter
Conference on Applications of Computer Vision (pp. 3169-3178).

2. Han, Y., Roy, S.K., Petersson, L. and Harandi, M., 2021. Discrepant
collaborative training by Sinkhorn divergences. Image and Vision Computing, 112,
p.104213.

3. Han, Y., Roy, S.K., Harandi, M. and Petersson, L., 2022. Learning Deep
Optimal Embeddings with Sinkhorn Divergences. arXiv preprint arXiv:2209.06469.

4. Simon, C., Koniusz, P., Petersson, L., Han, Y. and Harandi, M., 2022.
Towards a robust differentiable architecture search under label noise. In Proceedings
of the IEEE/CVF Winter Conference on Applications of Computer Vision (pp.
3256-3266).

5. Han, Y., Roy, S.K., Harandi, M. and Petersson, L., 2025. Learning from
Noisy Labels with Contrastive Co-Transformer. (Submitted to arXiv and currently
under review/on hold.)
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Chapter 2

Background

2.1 Computer Vision and Image Classification

Computer vision and machine learning strive to endow machines with the capa-
bility to interpret the world similarly to humans. This endeavor underpins various
applications such as autonomous vehicles, humanoid robots, and unmanned aerial
vehicles. Computer vision, as a field of study, is dedicated to developing techniques
that enable computers to perceive and understand the content of digital images,
encompassing both photographs and videos.

Within this domain, numerous methods empower machines to sense and com-
prehend their environment. Object detection[170, 168] is one such method, wherein
machines analyze pixels in an image using machine learning or deep learning al-
gorithms to identify distinct elements. A prevalent example of object detection is
facial recognition[166], commonly used to secure access to smartphones.

Another pivotal technique is 3D scene reconstruction[52], which employs com-
puter vision algorithms to construct realistic 3D objects from 2D imagery captured
from multiple angles. This technology finds significant applications in areas such as
architecture and interior design.

Moreover, computer vision facilitates advanced image and video processing[125]
techniques that extend beyond the capabilities of traditional image processing al-
gorithms. Neural networks, for instance, can execute image transformations like
increasing the number of trees in an image without apparent alterations.

Scene segmentation[35] is another noteworthy technique in computer vision
that isolates and examines pixels, resulting in an image with a stained-glass-like ap-
pearance. This technology is instrumental in autonomous navigation and radiology
for detecting malignant tissue changes.

Machine learning models integrated into computer vision can automatically
detect objects[168, 170] in photos, extract content[34], and generate tags[95]. Such
technology is utilized in optimizing page rank ads and lead generation campaigns.

As a transformative technology, computer vision simplifies life and catalyzes
new areas of development across various industries. The rapid advancement of this
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technology has expanded its applications to include retail shelf analysis, RTG analy-
sis, automatic video tagging, real estate valuation, security systems, ID verification,
and industrial maintenance.

Image classification, which involves automatically categorizing an image based
on its content, assigns a label or class to an image by analyzing its visual features.
This process is extensively employed across fields such as photo organization,
radiology, and autonomous driving.

However, image classification remains a complex process susceptible to influ-
ences from factors like lighting, scale, and orientation[94]. To enhance classification
accuracy, researchers and practitioners have developed sophisticated methods and
techniques, including deep learning models.

With the advent of deep learning, image classification has achieved significant
strides across various sectors[94]. This progress is largely attributed to the avail-
ability of vast data volumes, which facilitate the training of deep learning models to
discern patterns and features in images. Consequently, image classification is no
longer viewed as a challenge but rather a resolved issue in numerous applications.

Image classification is the process of automatically categorizing an image or
picture based on its content. It involves assigning a label, or class, to an image based
on its visual features. Image classification is widely used in many fields, including
photo organization, radiology, and autonomous driving.

However, image classification is a complex process that can be influenced by
various factors, such as lighting, scale, and orientation[94]. To improve the accuracy
of classification, researchers and practitioners have developed advanced approaches
and techniques, including deep learning models.

With the help of deep learning, image classification has made significant
progress in various domains. This success is due to the availability of large amounts
of data, which can be used to train deep learning models to recognize patterns
and features in images. As a result, image classification is no longer considered a
challenge, but rather a solved problem in numerous applications.

2.2 Co-Training

Recent advancements in deep learning have propelled image classification to new
heights, enabling more accurate and robust systems, a brief illustration is shown in
Figure 2.1. Convolutional Neural Networks (CNNs) have become the cornerstone
of modern image classification due to their ability to automatically learn hierar-
chical features from raw pixel data. Furthermore, architectures such as ResNet,
DenseNet, and EfficientNet have pushed the boundaries of performance by address-
ing challenges related to vanishing gradients, model complexity, and computational
efficiency. Despite these advancements, supervised learning models are often con-
strained by the availability of labeled data. This limitation has led to the exploration
of semi-supervised and unsupervised learning methods, paving the way for inno-
vative approaches such as Co-Training. By leveraging unlabeled data and learning
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Figure 2.1: A brief illustration of how image classification is trained by using CNN.

Figure 2.2: A brief illustration of how image classification is trained by using
Co-training.

complementary feature representations, Co-Training enhances model generaliza-
tion and robustness, making it a promising direction for complex tasks like image
classification and domain adaptation, a brief illustration is shown in Figure 2.2.

The seminal work of Co-Training was proposed by Blum et al. [10], where they
successfully demonstrated the use of a Co-Tr framework to learn different insights
in a standard Web page classification problem. In general, a Co-Tr algorithm
attempts to learn two or more distinct and divergent feature extractors and have been
successfully used across a multitude of tasks ranging from domain adaptation [14],
image classification [115, 48], data segmentation [12] to tag-based image search [41]
and many more. One such well-known algorithm is Learning to Teach [56]. Similar
to Co-Tr, LT co-evolves a teacher and a student network(s) to learn discriminative
features thanks to an inherent feedback sharing mechanism between the two of them.
Similarly, model distillation algorithms [164, 93, 56] use an additional mimicry
loss to align the final class-specific posterior distributions of every student network.
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Chen et al. [14] learns an Auto-encoder to benefit from using unlabeled data in the
Co-Tr learning framework.

2.3 Learning from Noisy Labels

Learning from a clean dataset is not considered as a difficult task any longer [29,
119, 127]. Recently, there has observed a growing surge in the interest of studying
the robustness of any machine learning algorithm against noisy labels. In this
regard, MentorNet [63] trains an additional StudentNet network to select clean
labels which is in-turn used to further guide the main training process. If a clean and
unbiased validation set is not available, MentorNet will discover new data-driven
sample-weight schemes from data which can be updated according to feedback
from StudentNe. Ren et al. [116] follow a meta-learning paradigm and use a clean
validation set to re-weight the training samples. Importance weights for training
samples which result in the decrease of the loss in a clean validation set are increased,
while the weights of those that result in the increase of the loss are decreased during
the training process. One of the major drawbacks of [116] is the calculation of the
clean validation set based importance weights after every gradient update of the
network, which increases the time complexity of the overall algorithm. On the other
hand, Decoupling [96] trains two different sub-networks with the examples that are
confusing to both of them during the course of training1. Similarly, Co-Tr [48] trains
two different networks with one selecting the clean examples, i.e. the examples with
lower classification loss, for the other in an intertwined fashion. However, without
any explicit discrepancy module between the networks that enforce the features
learnt to be distinct and different, the solution learnt by the two aforementioned
algorithm is not optimal. A breif illustration is shown in Fig 2.3.

2.4 Library and Preliminaries

In this section, we have listed all the notations and basic definitions used in this
thesis. (It is arranged in alphabetical order, from A to Z.)

• Adam Adam (Adaptive Moment Estimation) is an advanced optimization
algorithm used in machine learning, especially in training deep learning
models. It combines the benefits of two other popular optimization techniques:
Momentum and RMSProp. Adam adjusts the learning rate for each parameter
individually by computing first and second moments of the gradients (i.e., the
mean and the uncentered variance). This allows it to adaptively change the
learning rate based on the recent gradient history.

• CNN A Convolutional Neural Network (CNN) is a type of deep learning
model specifically designed for processing structured grid-like data, such

1Both the networks produce different predictions with high confidence.
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Figure 2.3: A brief illustration of how image classification is trained by using
Co-training.

as images. CNNs are widely used in computer vision because they can
automatically learn to recognize patterns, shapes, and objects in images
without manual feature extraction. They are built upon layers that perform
convolution operations, which apply filters (small matrices) to image regions,
allowing the network to capture spatial hierarchies and features in an image,
from edges and textures to more complex structures.

• Contrastive Learning Contrastive learning as proposed by Hadsell et al. [46]
learned representations by contrasting positive pairs against negative pairs.
The core idea of contrastive representation learning is to map semanti-
cally nearby points (positive pairs) closer together in the embedding space,
while pushing apart the points that are dissimilar (negative pairs). Re-
cently, contrastive learning is being used extensively in unsupervised learn-
ing [15, 65, 132, 3]. The standard approach uses different augmentation
strategies such as horizontal and (or) vertical flips, random crop, colour jitter,
random patches etc. to create multiple variations of every individual data point
which are then considered positive pairs [154, 4, 15, 165, 61, 57]. Generating
a distinct and an informative positive example for every data point is the
fundamental bottleneck in contrastive learning.

• Divergence In computer vision, divergence typically refers to the measure of
the difference or ”distance” between two distributions, such as the predicted
image distribution and the ground truth distribution, or between the features
of two images. Given two probability distributions P and Q defined over a
space X (e.g., pixel values, feature space), the divergence D(P∥Q) measures
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Figure 2.4: This figure illustrates a Convolutional Neural Network (CNN) model.
It begins with an input image (panda), which undergoes layers of convolutions to
extract feature maps. The feature maps then proceed through subsampling and
additional convolutional layers. Finally, fully connected layers generate the model’s
output.

how much information is lost when Q is used to approximate P .

• DNN A Deep Neural Network (DNN) is an artificial neural network with
multiple hidden layers between the input and output layers. DNNs are a
powerful tool in machine learning, particularly for tasks requiring complex
pattern recognition, such as image and speech recognition, natural language
processing, and game playing. They consist of interconnected layers of
neurons (or nodes) that process and transform input data through a series of
mathematical operations to identify patterns and make predictions.

• JS Divergence A method of measuring the similarity between two probability
distributions. It is a symmetrized and smoothed version of the Kullback-
Leibler (KL) divergence

• KL Divergence KL Divergence (Kullback-Leibler Divergence) is a measure
of how one probability distribution diverges from a second, expected probabil-
ity distribution. It quantifies the difference between two distributions in terms
of the amount of information lost when using one distribution to approximate
another. KL Divergence is widely used in information theory, statistics, and
machine learning, particularly for tasks involving probability distributions.
Given two probability distributions P and Q over a discrete space X , the KL
Divergence from Q to P (denoted as DKL(P∥Q)) is defined as:

DKL(P∥Q) =
∑
x∈X

P (x) log
P (x)

Q(x)

For continuous distributions, the KL Divergence is defined as:
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DKL(P∥Q) =

∫
X
p(x) log

p(x)

q(x)
dx

Where:

– P (x) and Q(x) are the probability mass functions (PMFs) or probability
density functions (PDFs) of distributions P and Q, respectively,

– log denotes the natural logarithm.

KL Divergence is not a true distance because it is asymmetric and does not
satisfy the triangle inequality. Instead, it measures how much one distribution
deviates from another, which is crucial for tasks like distribution matching,
model fitting, and information retrieval.

• Learning Rate The learning rate is a hyperparameter in machine learning
algorithms, particularly in gradient-based optimization methods like stochas-
tic gradient descent (SGD). It controls the size of the steps the model takes
during training to update its parameters (e.g., weights) in response to the
error or loss. A higher learning rate may lead to faster convergence but risks
overshooting the optimal solution, while a lower learning rate ensures more
precise updates but may result in slower convergence. Finding the right learn-
ing rate is crucial for effective training, as it directly influences the model’s
ability to learn efficiently and avoid getting stuck in suboptimal solutions.

• MMD MMD (Maximum Mean Discrepancy) is a statistical test used to
measure the difference between two probability distributions. In machine
learning, particularly in domain adaptation and generative models, MMD
is used to quantify how much two distributions (such as the distributions of
features in source and target domains) differ from each other. The goal is
often to minimize this difference to make models more generalizable across
domains.

How MMD Works: MMD computes the distance between the mean embed-
dings of two distributions in a feature space, typically using a kernel function
(like the Gaussian kernel) to map the data into a higher-dimensional space.
The larger the MMD, the more the distributions differ, and the smaller the
MMD, the more similar the distributions are.

Key Components: 1. Kernel Function: Maps data into a higher-dimensional
space where differences between distributions are more easily measurable. 2.
Mean Embedding: Represents a distribution as the mean of the mapped data
in the feature space. 3. Distance Measure: Typically, the squared distance
between these embeddings is used as the MMD.

• Noise Ratio l to learn the true underlying patterns in the data.
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Figure 2.5: This image illustrates Maximum Mean Discrepancy (MMD) for domain
adaptation. On the left, source and target domains are initially separated. By
minimizing classification loss and maximizing domain confusion, MMD aligns the
distributions, as shown on the right. This processreduces the discrepancy between
source and target domains, improving model generalization.

• Noise Transition Throughout this thesis, we have consistently applied the
following method to set up noisy data. Here we test our proposed algo-
rithm on the task of noisy-supervised image classification. More specifi-
cally, and following the protocols of [48, 150], we manually corrupt all the
clean datasets with the help of a noise transition matrix Q ∈ RK×K , where
Qij = Pr(ỹ = j|y = i) gives the probability that the label (i.e. ỹ) is flipped
to a value j from the clean label (i.e. y) having a value of i. In this chapter,
we set up two different noise transition situations: (1) Pair flipping, and (2)
Symmetric flipping. An exemplar noise transition matrix for each of the pair
and symmetric flipping is shown in Fig2.6.

• Robustness In computer vision, robustness refers to a model’s ability to accu-
rately interpret and process images despite variations like noise, distortions,
lighting changes, or occlusions. A robust model can handle input conditions
without significant degradation in performance. Techniques such as data
augmentation, which artificially increases the diversity of training data, and
regularization, which prevents overfitting, are commonly used to improve
robustness. Robustness is crucial in real-world applications like autonomous
driving, facial recognition, or medical imaging, where slight variations in the
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(a) Pair flip noise (b) Symmetric flip noise

Figure 2.6: Noise transition matrices [48] in the example of 5 classes.

data can otherwise lead to incorrect predictions or failures.

More specifically, In the context of learning from noisy labels, robustness
refers to a model’s ability to maintain accurate predictions despite the presence
of incorrect or mislabeled training data. Noisy labels can arise from human
errors or ambiguities in data annotation, which can severely affect model
performance if not handled properly. A robust model is less sensitive to these
noisy labels and can still generalize well by learning the underlying patterns
in the data rather than memorizing the incorrect labels. Techniques like loss
correction, regularization, and robust loss functions are commonly used to
enhance robustness and reduce the impact of noisy labels.

• Semi-supervised Learning Semi-supervised learning is a type of machine
learning that lies between supervised and unsupervised learning. In this
approach, the model is trained on a small amount of labeled data and a large
amount of unlabeled data. The labeled data provides the model with some
guidance, while the unlabeled data allows the model to learn from the broader
data distribution, improving its performance without requiring a fully labeled
dataset. Semi-supervised learning is particularly useful when labeling data is
expensive or time-consuming but acquiring a large set of unlabeled data is
easy. By leveraging the unlabeled data, semi-supervised learning can achieve
better generalization and performance than using just a small labeled dataset.

• Sinkhorn Divergence Sinkhorn divergence is a measure of the difference
between two probability distributions that incorporates both optimal transport
theory and regularization. It arises from the Sinkhorn distance, a regularized
version of the Wasserstein distance (also known as the Earth Mover’s Dis-
tance). The Sinkhorn divergence combines optimal transport with an entropy
term to make the problem more computationally feasible.

Given two probability distributions, µ nad ν, definition over a space X , the
Sinkhorn divergence is defined as the regularized Wasserstein distance:

S(µ, ν) = inf
γ∈Π(µ,ν)

 ∑
(x,y)∈X×X

c(x, y)γ(x, y) + ϵH(γ)

 (2.1)
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Where: Π(µ, ν) is the set of all joint distributions γ with marginals µ nad ν.

The entropy term makes the optimization easier by adding a smoothing effect,
avoiding the combinatorial complexity of computing the optimal transport
without regularization. The Sinkhorn divergence is computationally efficient
and has found applications in machine learning, such as domain adaptation,
generative models, and image matching.

• SGD Stochastic Gradient Descent (SGD) is an optimization algorithm used
to minimize the loss function in machine learning models, particularly in
neural networks. It is a variation of the traditional Gradient Descent (GD)
algorithm, where the model’s parameters (e.g., weights) are updated based
on the gradient of the loss function. type of machine learning where the
model is trained on labeled data. In this approach, the input data is paired
with corresponding output labels, and the goal is for the model to learn the
mapping between the inputs and the correct outputs. The training process
involves minimizing the error between the predicted output and the true label.
Supervised learning is commonly used for tasks like classification (e.g., spam
detection, image classification) and regression (e.g., predicting house prices,
stock market trends).

• Transformer The Transformer is a neural network architecture developed
for tasks involving sequences, especially natural language processing (NLP).
Unlike previous models like RNNs, Transformers process entire sequences at
once using self-attention mechanisms, which allow each word in a sentence
to relate to every other word, capturing context over long distances. This
eliminates the need for sequential processing, making Transformers highly
efficient and scalable.A Transformer consists of multiple encoder and decoder
layers. Encoders process the input data, while decoders generate the output,
each layer using self-attention to understand relationships within sequences.
Positional encoding is added to each input to retain information about word
order, since the model itself does not understand sequence positions.

• Unsupervised Learning A type of machine learning where the algorithm is
trained on data that does not have labeled outputs. The goal is to find hidden
patterns or structures in the data, such as clusters or relationships, without
direct supervision. The model tries to understand the data’s underlying
structure without explicit guidance on what the correct output should be.

Table 2.1: Notation for Symbols

Symbols Corresponding Notations
Sϵ Sinkhorn
O1 Prediction output of first network
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O2 Prediction output of second network
ϵ Smoothing parameter for Sinkhorn divergence

U and V positive random measures of unit mass over a metric space
X

{uU
i }ni=1 and {vV

i }mi=1 samples drawn from U and V
K cost matrix
N noise transition matrix

V ecy ground truth label
ỹ corrupted label

α and β finite discrete measures
σxi the probability of xi to be at point αi

π∗ Best transport plan
Π(u,v) Set of transportation plans
c(u,v) Cost function to move a unit of mass from U to V

C ∈ Rn×m Matrix of cost function
⊗ Product of the marginals

f and g networks
θ and θ̂ parameters of networks

η learning rate
T epoch number
l the layer number for Sϵ

D Training set
D̄ Mini-batch of training set

D1 and D2 Discrepancy module
Lossf Total loss to update network f
Lossg Total loss to update network g

Lf
M Conventional supervised loss for network f

Lg
M Conventional supervised loss for network g

LD Diversity loss
LC Consistency loss
λD Combination weights for the diversity loss
λC Combination weights for the consistency loss
Xi Input data
Ai Features extracted from lth layer of network f
Bi Features extracted from lth layer of network g

zf
i Softmax output of network f

zg
i Softmax output of network g

Notation All notations used are shown in Table 2.1. Throughout this thesis, we
use bold lower-case letters (e.g., x) and bold upper-case letters (e.g., X) to represent
column vectors and matrices respectively. [x]i denotes the ith element of the vector
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Figure 2.7: The architecture of a transformer

x. In represents the n× n identity matrix. ∥X∥F =
√
Tr(X⊤X) represents the

Frobenius norm of the matrix X , with Tr(·) indicating the trace of the matrix X .
X⊤ denotes the transpose of X . P(U) and P(V) represent the set of probability
measures on two metric spaces U and V . {uU

i }ni=1 and {vV
i }mi=1 denote n and m

i.i.d. samples drawn from U and V , respectively.
In this work, we use Sϵ [38] which can be used over general spaces X , instead

of only the Euclidean space Rd and not only the 1-Wasserstein distance. We first
calculate OT between two probability distributions U and V (assume U and V are
positive random measures of unit mass over a metric space X ) which is defined as
the solution of the, possibly infinite dimensional, linear program:

OT c(u,v) = min
π∈

∏
(u,v)

∫
X×X
c(u,v)dπ(u,v) (2.2)

where Π(u,v) is the set of transportation plans (or couplings) of the joint
probability distribution over the product space U × V with marginals u and v
respectively. Here, c(u,v) is the cost function to move a unit of mass from U
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to V . The cost function c needs to be defined for every pair uU
i ,v

V
j ; and thus

can be represented as a matrix C ∈ Rn×m. Therefore, the total cost incurred is
⟨π,C⟩ :=

∑
ij πijCij . When X is equipped with a distance dX , a typical choice

is c(u,v) = dX (u,v)
p with p > 0 and thus we obtain the so-called p-Wasserstein

distance between probability measures. However, because the above equation is not
differentiable, we refer to the regularized optimal transport problem [37] defined by

Wϵ(u,v) := min
π ∈Π(u,v)

⟨π,C⟩+ ϵ KL(π | u⊗ v)

= min
π ∈Π(u,v)

∫
U×V
c(u,v) dπ(u,v) + ϵ KL(π | u⊗ v) ,

(2.3)

where KL(π|u ⊗ v) denotes the KL divergence between π and u ⊗ v. u ⊗ v
represents the product of the marginals (or the probability measures) u and v. When
c(u,v) = Dp(u,v); we obtain the entropy regularized p-Wasserstein distance as
shown below:

Wp
ϵ (u,v) =

(
min

π ∈Π(u,v)

∫
U×V

Dp(u,v) dπ(u,v)
)1/p

+ ϵ KL(π | u⊗ v) (2.4)

Similar to [38], the Sinkhorn loss is defined as Eqn.2.5 and algorithm of finding
best transport plan π∗ is given in Algorithm.??.

Sϵ(u,v) = Wϵ(u,v) − 1

2

(
Wϵ(u,u) +Wϵ(v,v)

)
(2.5)

In this paper, we set p = 2. Sϵ has the following behavior in ϵ:

1. as ϵ → 0,Sϵ(u,v) → 2Wϵ(u,v)c;

2. as ϵ → ∞,Sϵ(u,v) → MMD−c(u,v), where MMD−c is the Maximum
Mean Distance whose kernel is the cost function.

Maximum Mean Distance

An empirical estimate of MMD between U and V is obtained as

MMD(U ,V) =
∥∥∥ 1
n

n∑
i=1

Φ(ui)−
1

m

m∑
j=1

Φ(vj)
∥∥∥2
H

(2.6)

Here, H denotes the induced Reproducing Kernel Hilbert space [1]) and ∥ · ∥H
denotes its norm. MMD(U ,V) is a measure of overlap between U and V such that
increase (or decrease) in overlap results in decrease (or increase) in MMD(U ,V).
Φ(p) represents a functional mapping of the input p to a high-dimensional space.
By the kernel trick, the form in Eqn. (2.9) can be written as;
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MMD(U ,V) = 1

n2

n∑
i

n∑
i′

k(ui,ui′)

− 1

nm

n∑
i

m∑
j

k(ui,vj) +
1

m2

m∑
j

m∑
j′

k(uj ,vj′) (2.7)

In all our experiments, we have employed the Gaussian kernel

k(u,v) = exp(−∥u− v∥2

σ
) . (2.8)

Notations: Throughout this paper, we use bold lower-case letters (x) to show
column vectors and bold upper-case letters (e.g., X) to show matrices.[·]i is used
to denote the i-th element of a vector and In shows the n× n identity matrix.

The Frobenius norm of a matrix is shown by ∥X∥F =
√
Tr(X⊤X), with Tr(·)

indicating the matrix trace.
In this work, we make use of the Maximum Mean Discrepancy (MMD) [45]

to measure the difference between two distributions S and T . Let {XS
i }ni=1 and

{XT
i }mi=1 denote i.i.d samples taken from S and T , respectively.
An empirical estimate of MMD between S and T is obtained as

MMD(S, T ) =
∥∥∥ 1
n

n∑
i=1

Φ(XS
i )−

1

m

m∑
j=1

Φ(XT
j )

∥∥∥2
H

(2.9)

Here, H denotes the induced Reproducing Kernel Hilbert space [1]) and ∥ · ∥H
denotes its norm. MMD(S, T ) is a measure of overlap between S and T such that
increase (or decrease) in overlap results in decrease (or increase) in MMD(S, T ).
Φ(p) represents a functional mapping of the input p to a high-dimensional space.
By the kernel trick, the form in Eqn. (2.9) can be written as;

MMD(S, T ) =
1

n2

n∑
i

n∑
i′

k(XS
i ,X

S
i′)

− 1

nm

n∑
i

m∑
j

k(XS
i ,X

T
j ) +

1

m2

m∑
j

m∑
j′

k(XT
j ,X

T
j′) (2.10)

In all our experiments, we have employed the Gaussian kernel

k(u,v) = exp(−∥u− v∥2

σ
) . (2.11)
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2.4.1 Datasets and Basic Information

In this subsection, we provide an overview of all the datasets mentioned and utilized
in the experiments throughout this thesis.

We evaluate our proposed loss on the following well-studied image classification
datasets:

1. Cifar-10 [73] (C-10)is a widely used image classification dataset designed for
evaluating machine learning and deep learning algorithms, categorized into
10 classes: airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and
truck. The dataset is evenly divided into 50,000 training images and 10,000
test images, with each class containing 6,000 images.

2. Cifar-100 [73] (C-100) consists of 32 × 32 × 3 images from 100 different
fine categories, which can be further grouped into 20 super categories. We
have considered the 20 super categories in our experiments. Similar to Cifar-
10 [73], the training and the test set consist of 50, 000 and 10, 000 images
respectively.

3. SVHN SVHN is a real-world image dataset for developing machine learning
and object recognition algorithms with minimal requirement on data prepro-
cessing and formatting. It can be seen as similar in flavor to MNIST (e.g., the
images are of small cropped digits), but incorporates an order of magnitude
more labeled data (over 600,000 digit images) and comes from a significantly
harder, unsolved, real world problem (recognizing digits and numbers in
natural scene images). SVHN is obtained from house numbers in Google
Street View images [105].

4. CUB200-2011 The Caltech-UCSD Birds (CUBS-200-2011) [145] consists of
11,788 images of birds from 200 different varieties. The first 100 categories
are considered for training (5,864 images), while the rest 100 categories are
considered for testing (5,924 images).

5. CARS196 The Stanford Cars (CARS196) dataset [71] consists of 16,185
images of cars from 196 different categories. The first 98 categories (8,054
images) are considered in the training of the network, while the next 98
categories (8,131 images) are used in the testing phase.

6. Clothing1M Clothing1M is a large-scale dataset with real-world noisy labels.
It consists of 1 million training images collected from online shopping web-
sites with labels generated from surrounding texts. More details about the
datasets are listed in Table 2.2.

7. STL-10 [17] (S-10) is an image recognition dataset that consists of 96×96×3
images from 10 different classes, each comprising 1, 300 examples. The
training set consist of 5, 000 images, while the remaining 8, 000 images
constitute the test set. It also consists of 100, 000 unlabeled images of the

24



CHAPTER 2. BACKGROUND

Table 2.2: Details of the various datasets used in the thesis. Note that STL-10
includes 10,000 unlabeled images and 5,000 labeled images for training.

dataset # of train images # of test images # of class image size
MNIST 60,000 10,000 10 28× 28

CIFAR10 50,000 10,000 10 32× 32
CIFAR100 50,000 10,000 100 32× 32

SVHN 73,257 26,032 10 32× 32
CUB200-2011 5,864 5,924 200 227× 227

CARS196 8,054 8,131 196 227× 227
Clothing1M 50,000 10,000 14 224× 224

STL-10 15,000 8,000 10 96× 96

Figure 2.8: Sample images of MNIST datset

same resolution extracted from a similar but a wider distribution of images.
However, we don’t use these unlabeled images, neither during the training
nor during the test phase in our proposed algorithm.
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Figure 2.9: Sample images of Cifar10 datset
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Figure 2.10: Sample images of Cifar100 datset
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Figure 2.11: Sample images of SHVN datset
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Figure 2.12: Sample images of Clothing1M datset
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Figure 2.13: Sample images of Clothing1M datset

Figure 2.14: Sample images of Clothing1M datset
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Figure 2.15: Sample images of STL-10 datset
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Chapter 3

Learning Noisy labels with
Discriminate Models

3.1 Introduction

Deep neural networks can easily fit random labels despite no apparent structure
[162]. This phenomenon is particularly pronounced in deeper and wider networks
due to their high capacity to memorize the training data, including noisy or incorrect
labels. Such memorization leads to overfitting, where the model learns patterns
that do not generalize to unseen data, ultimately degrading its performance. As
highlighted in [19], even a modest noise rate of 20% can significantly impair model
accuracy, in some cases halving the test performance. This vulnerability to noisy
labels underscores the necessity for robust learning strategies that can effectively
mitigate their adverse effects.

In this chapter, we propose a simple but effective learning paradigm called
“Discrepant Collaborative Training”. The proposed method allows us to make use
of both clean and noisy examples, and improve the ability to select clean instances.

To identify clean samples from noisy ones, one can inspect the sample loss
during training. Samples with a large loss value are more likely to be noisy and,
hence, can be removed/weighted-down during the back propagation step.

The idea of Co-Training (Co-Tr) is to benefit from two (or more) networks
which are complementary to one another and can help correct each other when
they make mistakes. Naturally, the idea of Co-Tr suits the task of learning from a
noisy dataset as well. A brief illustration of how co-training is used to train noisy
labels can be found in Chapter 2 Figure 2.2. The underlying assumption, here, is
that the two networks are substantially different to each other so their loss signal is
complementary. To achieve a discrepancy between the loss signals, one can choose
to use two different network architectures. This, however, brings a new level of
difficulty as, if the networks are not similar in structure, one might adapt faster
with the result of the iterative procedure failing. Moreover, use of two different
network architectures may lead to potential mismatch between their individual
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expressive powers, with a potential of one outperforming the other by a significant
margin. As such, it may be more desirable in practice to use a specific structure
for both networks and initialize them differently to achieve the necessary diversity
[48, 63]. Unfortunately, even with this, there is no guarantee that the networks
remain substantially different for the purpose of collaboration as required for the
Co-Tr framework. In this work, we therefore propose a new method to ameliorate
this shortcoming. A max-discrepancy co-training framework is proposed, where
we achieve diversity by encouraging the networks to be statistically different. The
notion of maximum mean discrepancy [49] is a simple yet powerful non-parametric
criterion that measures the discrepancy of two distributions by mapping them to a
Reproducing Kernel Hilbert Space (RKHS) [5].

Our main contributions are:
• A novel method to utilize diversity between networks in a co-training setting.
• Demonstrated improvement in identifying clean samples in a noisy dataset.
• Competitive or State-of-the-Art results with respect to comparable works on

five different datasets, including two large fine-grained image recognition
datasets (CUBS200-2011 [146] and CARS196 [72]).

3.2 Related Work

Discrepancy Measurement. Comparing and matching probability distributions
between two different domains forms the fundamental building block for the de-
sign and development of several algorithms in the field of machine learning and
computer vision [68, 42, 117, 89]. Several divergences such as Kullback-Leibler
(KL, [75]), Jensen-Shannon [97], etc. have been successfully integrated in learning
similar/dissimilar distributions across various domains. However, these diversity
learning algorithms do not take into account the geometry of the distributions,
thereby failing to either disentangle or join the distributions [31]. Fortunately, sev-
eral algorithms such as Maximum Mean Discrepancy (MMD) [49, 89], Sinkhorn
Divergence [31], Optimal Transport (OT) [9] etc. have been developed and suc-
cessfully utilized to address the aforementioned drawback. MMD has been widely
adopted as a discrepancy metric module across domain adaptation ([5]), unsuper-
vised learning [156], generative models [28] and many more.

3.3 Methodology

In this section, we present our proposed methodology i.e. Discrepant Colaborative
Training (DCT). We formulate DCT with a cohort of two networks (see Fig. 3.1).
The two sub-networks used in DCT are represented as f and g with its learnable
parameters θ and θ̂, respectively. We first briefly describe the selection strategy for
choosing the clean labels, followed by the description of the discrepancy MMD
module and the overall definition of the loss function. A brief ilustration of the
method is shown in fig3.1
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Figure 3.1: Forward (top) and backward (bottom) propagation of Discrepant Col-
laborative Training. [FORWARD] Five images are fed into sub-networks indepen-
dently, four (blue) are correctly labeled and one (red) is corrupted with noise. The
first discrepancy module is placed after Layer n between two networks. The second
discrepancy module is placed after softmax layer. Then, the five images will be
ranked according to its own cross entropy loss calculated by each network. Then
the two networks exchange information of the ranking. [BACKWARD] According
to the ranking information provided by its ”peer” network, each network chooses
only a few images with smaller loss value to update itself. D1 and D2 are Sinkhorn
divergence modules. We maximize the diversity of the first discrepancy module
to learn diverse features in each of the network, while the diversity of the second
module is minimized so as to learn the same class distributions. [50]
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3.3.1 Selection Strategy

Similar to [48, 63], we also employ the classification loss based selection strategy.
More specifically, we obtain the classification loss of Xi for f and g as shown
below:

Lf (Xi) = − log

(
exp(zf

i )∑m
1 exp(zf

j )

)
Lg(Xi) = − log

(
exp(zg

i )∑m
1 exp(zg

j )

)
,

(3.1)

where zf
i = fθ(Xi) and zg

i = g
θ̂
(Xi)

1. Similar to [48], we select R examples for
each f and g within a mini-batch of size N that produces the R lowest Lg and Lf

respectively. Thereafter the loss to update θf is given as

Lf
1 =

R∑
i=1

Lf (Xi) ∀Xi ∈ Dg , (3.2)

where Dg represents set of images that results in the R lowest Lg calculated in
Eqn 4.5. Similarly, we calculate the loss to update θg as

Lg
1 =

R∑
i=1

Lg(Xi) ∀Xi ∈ Df , (3.3)

where Df represents set of images that results in the R lowest Lf as calculated in
Eqn 4.5.

3.3.2 Discrepancy Loss

In order for f and g to learn diverse features, we propose to explicitly insert a MMD
module in-between them. The loss calculated is shown as:

L2 = MMD(Ai,Bi), (3.4)

where Ai = fθ(1:l)(Xi) and Bi = g
θ̂(1:l)

(Xi), l denotes the layer where the

MMD module is used, and θ(1 : l) and θ̂(1 : l) represent the parameters of the two
networks f and g till the layer l. It is to be noted that L2 is calculated irrespective
of the presence or absence of noisy labels within the mini-batch of the images.

3.3.3 Consistency Loss

Even though we want both f and g to learn diverse and distinct features, the final
class probability distribution learnt by f and g should not be very different from

1Usually it is the output of the softmax layer for each of f and g.
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Table 3.1: Structure of Network trained by MNIST, CIFAR10 and CIFAR100. The
slope of all all LReLU functions in the network are set to 0.01. K denotes the
number of training classes for the dataset used.

#Layer Input Image
1 3× 3 conv, 128 LReLU
2 3× 3 conv, 128 LReLU
3 3× 3 conv, 128 LReLU

2× 2 max-pool, stride 2
dropout, p = 0.25

4 3× 3 conv, 256 LReLU
5 3× 3 conv, 256 LReLU
6 3× 3 conv, 256 LReLU

2× 2 max-pool, stride 2
dropout, p = 0.25

7 3× 3 conv, 512 LReLU
8 3× 3 conv, 256 LReLU
9 3× 3 conv, 128 LReLU

avg-pool
10 fc-layer 128 → K

softmax

each other. Thus we use another MMD module to explicitly reduce the discrepancy
between the zf

i and zg
i for every Xi as shown below:

L3 = MMD(zf
i , z

g
i ). (3.5)

The final loss for DCT is given below:

Lossf = Lf
1 + λ3L3 − λ2L2 (3.6)

Lossg = Lg
1 + λ3L3 − λ2L2, (3.7)

λ3 and λ2 are the combination weights for the consistency and the diversity loss
respectively. Eqn 3.6 and 3.7 are used to update f and g respectively using stochastic
gradient optimizers. Algorithm 1 provides the pseudo code of our propose DTC
algorithm.

3.4 Experiments

Dataset. We verify the effectiveness of our approach on five benchmark datasets:
MNIST [80], CIFAR10 [73], CIFAR100 [73], CUB200-2011 [146] and CARS196
[72]. More details can be found in section 2.4.1.
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Table 3.2: Comparison of our proposed DCT against several baseline algorithms.
We report the average accuracy (%) after 5 runs for DCT.

noise Dataset F-C [112] DP [96] MN [63] CT [48] DCT
pairflip-45% MNIST 0.24 58.03 80.88 87.63 88.54

symmetric-50% MNIST 79.61 81.15 90.05 91.32 94.21
symmetric-20% MNIST 98.82 95.70 96.70 97.25 98.54

pairflip-45% CIFAR10 6.61 48.80 58.14 72.62 72.91
symmetric-50% CIFAR10 59.83 51.49 71.10 74.02 78.50
symmetric-20% CIFAR10 84.55 80.44 80.76 82.32 85.41

pairflip-45% CIFAR100 1.60 26.05 31.60 34.811 35.33
symmetric-50% CIFAR100 41.04 25.80 39.00 41.37 42.11
symmetric-20% CIFAR100 61.87 44.52 52.13 54.23 56.11

Noise Type. We test our design on noisy-supervised image classification task.
Since all datasets are clean, following [48, 112], we corrupt these datasets manually
by the noise transition matrix Q ∈ RK×K , where Qij = Pr(ỹ = j|y = i) gives
the probability that noisy ỹ is flipped from clean y. In this chapter, we test our
methods on two different noise transitions matrix: (1)Symmetry flipping; (2) Pair
flipping. Noise transition matrices are can be found in Chapter 2.

In our experiments, we test three different noise conditions: (1) 45 pair flip
noise; (2) 50 symmetry flip noise; (3) 20 symmetry flip noise. Since this chapter
mainly focuses on the value of noisy data and robustness of our proposed DCT,
we choose high noise rate values i.e. 45 and 50. It is to be noted that, for pair flip
noise, ϵ should be lower than 50, otherwise the neural network will need additional
information to learn discriminative features. In order to verify the robustness of our
DCT method under lower noise condition, we also test on 20 symmetry flip noise.

Network and optimizer. For experiments on MNIST, CIFAR10 and CIFAR100,
we use the CNN architecture as shown in Table 4.1. We follow the settings of
“Temporal Ensembling” ([77]) and “Virtual Adversarial Training” ([100]) which is
the well-acknowledged standard test bed for weakly-supervised learning. Here, we
use Adam [67] optimizer with momentum and initial learning rate set to 0.9 and
0.001 respectively. The batch size is fixed to 128 and we run DCT for 600 epochs.
We choose [48] as our baseline and we follow their detailed settings. For experiments
on CUB200-2011 and CARS196, we use Inception-V1 [136] architecture pretrained
on Imagenet [21]. Here, we use RMSProp and Adam optimizer for CUB200-2011
and CARS196 dataset respectively. The initial learning rate for both the optimizers
is set to 0.0001. The batch size is fixed to 32 and we report the results after 50
epochs of training.
Note: We report the optimal value of the hyper-parameters λ2, λ3 and σ used in
DCT for all the datasets in ablation study.
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Table 3.3: Comparison of our proposed DCT against several baseline algorithms for
large fine-grained image recognition datasets in terms of accuracy on the test set
(%).

noise Dataset Cross Entropy Co-Teaching DCT (ours)
symmetric-50% CUB200-2011 40.80 54.64 57.24
symmetric-20% CUB200-2011 63.78 72.34 74.57
symmetric-50% CARS196 38.86 66.75 67.80
symmetric-20% CARS196 71.76 86.00 86.62

Table 3.4: Study of the importance of using noisy samples. The average accuracy
(%) is reported after 5 different runs of DCT.

noise Dataset Co-Teaching DCT-clean DCT
symmetric-50% MNIST 91.32 92.92 94.21
symmetric-20% MNIST 97.25 98.14 98.54
symmetric-50% CIFAR10 74.02 76.81 78.50
symmetric-20% CIFAR10 82.32 84.47 85.41
symmetric-50% CIFAR100 41.37 41.55 42.11
symmetric-20% CIFAR100 54.23 55.54 56.11

Baselines. For MNIST, CIFAR10 and CIFAR100, we compare our results with
the baseline methods: (i) F-correction [112], which corrects the prediction by using
a noise transition matrix; (ii) Decoupling [96],which updates the parameters only
using the samples where the two networks are not confident in their predictions;
(iii) MentorNet [63], where an extra teacher network is pre-trained and used to filter
out the noisy instances for its student network to learn robustly under noisy labels.
(iv) Co-Teaching ([48]), which trains two identical sub-networks with one selecting
the possible clean labels for the other. Results of the above baselines are reported
from [48]. Furthermore, in order to verify the robustness of the performance of
DCT method on the fine-grained image recognition datasets such as CUB200-2011
and CARS196; we consider two baselines model trained with the (a) conventional
cross-entropy loss and (b) Co-Teaching algorithms.

3.4.1 Analysis on MNIST, CIFAR10 and CIFAR100

MNIST. As observed in Table 4.2, all the baseline methods obtain competitive
results against each other for a low value of noise rate (i.e. symmetry 20%). Our DCT
method obtains competitive 98.54% against the best method i.e. F-correction (which
achieves 98.82%) accuracy on the test set. A drop in performance for F-correction
and Decoupling baseline methods is observed when the noise rate is increased to
50%. On the other hand, MentorNet and Co-Teaching are pretty reboust in dealing
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with a higher noise rate. Our proposed DCT method outperforms all the baselines
and obtains the state-of-the-art accuracy of 94.21%, outperforming the current best
algorithm (i.e. Co-Teaching) by 2.89%. Further increase in the complexity of the
nosie (i.e. pair-flip noise with ϵ = 45%) F-correction and Decoupling fail to classify
images. Again, one can evidently observe that DCT outperforms all the baselines
by a significant margin. More specifically, we outperform MentorNet by 7.66% in
terms of accuracy on the test-set.

CIFAR10. From Table 4.2, it is observed that all the baseline methods obatin
similar results in terms of accuracy on the test set for symmetry flip noise with
ϵ = 20%. Unlike MNIST dataset, DCT outperforms all the baselines including
F-correction by 0.86% for CIFAR10 dataset. On further increasing the complexity
of the noise properties, it is easily observed that DCT is the best performing method
against all the baselines, thereby validating the design choices of using two different
MMD modules to learn distinct and discriminative features.

CIFAR100. It is observed from Table 4.2 that for symmetric noise with ϵ = 20%,
DCT outperforms all the competitive baseline algorithms except F-correction. It
is evident that F-correction is a reliable approach to learn from noisy labels for a
lower value of noise rate. However, one can definitely observe that F-correction
lacks robustness when the noise rate is increased. On the other hand, it is evident
that DCT is more robust against the increase in noise percentages in comparison to
the baseline methods; thereby reinforcing the choice of our algorithmic design.

3.4.2 Analysis on CUB200-2011 and CARS196

Details of the two datasets can be found in section 2.4.1.

CUB200-2011 The results are reported in Table 4.3. The baseline model trained
with the conventional cross-entropy classification loss achieves a test accuracy of
63.78% for the symmetric noise with ϵ = 20%. An increase of 8.56% is observed
over the cross-entropy baseline for the Co-Teaching algorithm. Morever, DCT
outperforms all the baseline methods and achieves an accuracy of 74.57% for the
same noise setting. Further increase in the ϵ to 50% evidently results in the decrease
of the classification accuracy, however DCT still outperforms the rest by a significant
margin. These results clearly demonstrate the effectiveness and robustness of DCT
for large scale fine-grained image recognition dataset.

CARS196 As seen by the results obtained in Table 4.3, it is observed that our
proposed DCT algorithm outperform both the Cross-Entropy baseline by a signifi-
cant margin in terms of accuracy on the test set. It is however also observed that
the performance gain over Co-Teaching is not substantial for CARS196 dataset in
comparison to the performance gain obtained in CUBS200-2011. One plausible
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explanation that can be attributed to this trend is that CARS196 is a difficult dataset
to train in comparison to CUBS200-2011.

According to the results shown in Table 4.2 and 4.3, we verify the effectiveness
and robustness of our DCT method, irrespective of the properties of the noise present
in the datasets.

Note: One of the key aspects of the fine-grained image recognition datasets is
that the inter-class variance is low and intra-class variance is high, and therefore
are more vulnerable to noise. From the results obtained in Table 4.3, it is noted
that the performance of Cross-Entropy baseline is substantially inferior against
Co-Teaching and DCT. This observation clearly demands the need of two (or more)
feature extractors in order to learn discriminative features in presence of noise with
the fine-grained dataset.

3.4.3 Ablation

In this section, we perform extensive ablation studies regarding the various design
choices that have been considered for DCT.

Importance of the selection strategy

As mentioned in § 3.3.2, L2 in Eqn. 5.5 is not influenced by the selection strategy
mentioned in § 4.4.1 as the entire mini-batch of is used to calculate L2. In order
to obtain more insights into the importance of the Diversity discrepancy module
in the overall learning framework of DCT, we employ the selection strategy based
on the ranking of the cross entropy loss to choose the samples for maximizing the
divergence between the networks. In other words, we prune the noisy samples for
the networks and attempt to increase the difference between the two networks 2. We
refer to this setting as DCT-clean. Similar to Eqn. (5.5), this operation is shown as
follows:

L2 = MMD(Âi, B̂i)

s.t. Âi = fθ(1:l)(Xi) ∀Xi ∈ Df

B̂i = g
θ̂(1:l)

(Xi) ∀Xi ∈ Dg,

(3.8)

The results are shown in Table 3.4. As observed, one can obtain better performance
without such pruning of noisy labels, thereby successfully demonstrating the need of
noisy labels to learn diverse features. One plausible explanation for this observation
is that noisy labels perturb the overall decision boundary learnt by the two networks,
thereby leading to optimal solution.

2It is to be noted that the clean labels of one network is chosen by the other network and vice-versa.

40



CHAPTER 3. LEARNING NOISY LABELS WITH DISCRIMINATE MODELS

Table 3.5: Study of the importance of the two discrepancy modules used in DCT. w
denote either of the feature extraction networks i.e., f and g. (please refer to § 4.5.3
for more details.) The average accuracy (%) is reported after 5 different runs of
DCT.

noise Dataset LossDw LossCw DCT
symmetric-50% MNIST 93.14 91.35 94.21
symmetric-20% MNIST 97.89 97.04 98.54
symmetric-50% CIFAR10 77.11 74.35 78.50
symmetric-20% CIFAR10 84.08 82.42 85.41
symmetric-50% CIFAR100 41.89 41.29 42.11
symmetric-20% CIFAR100 55.48 54.13 56.11

Importance of the Discrepancy Modules

In this section, we evaluate the importance of the two discrepancy modules, namely
Diversity loss (i.e., Eqn. (5.5)) and Consistency loss (i.e., Eqn. (4.4)) in the DCT
learning framework. We train the networks with the following loss functions

LossDw = Lw
1 + L3 ∀ w = f, g (3.9)

LossCw = Lw
1 − L2 ∀ w = f, g, (3.10)

for the former and the later case respectively. The results are shown in Table 4.8. It
is clearly observed that without use of diversity loss, the performance of DCT drops
significantly. Surprisingly, with the removal of the consistency loss, no such drastic
drop in the performance is observed. This clearly indicates the need of the Diversity
loss module in DCT to learn distinct and discriminative features.

Importance of the Position of the Diversity Module

In this section, we study the effect of the position l in calculating the Diversity
loss (please refer to Eqn. 5.5). In the original DCT algorithm, we have added the
discrepancy module after the 5th layer of the CNN. As an additional experiment,
we also study the effect of fixing the discrepancy module after the 7th layer. The
results are shown in Table 3.6. As observed, fixing the discrepancy module after the
5th layer leads to better results in comparison to the 7th, although the difference in
performance is not significant.

Robustness of DCT

In this Section, we study the robustness of our DCT design with respect to its
parameters, namely λ2 and λ3 (see Eq. (4.12), below). We will first report the
value of the hyper parameters used in our experiments. Then we will analyze and
investigate the effect of the hyper-parameters over the performance of the DCT
algorithm.
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Table 3.6: Study of position l for the Diversity loss module in the DCT framework. (please
refer to § 3.4.3 for more details.) The average accuracy (%) is reported after 5 different runs
of DCT.

noise Dataset DCT(7th) DCT(5th)
symmetric-50% MNIST 93.27 94.21
symmetric-20% MNIST 97.49 98.54
symmetric-50% CIFAR10 77.69 78.50
symmetric-20% CIFAR10 84.67 85.41
symmetric-50% CIFAR100 41.90 42.11
symmetric-20% CIFAR100 55.72 56.11

Table 3.7: The accuracy (%) of DCT for various setups (using CIFAR10 dataset contami-
nated by symmetric noise with rate of 50%.)

λ2 λ3 DCT(%) Descriptions
0 0 74.02 Baseline
0 0.0001 74.35 Consistency loss only

0.001 0 77.11 Diversity loss only
0.001 0.00001 77.88 parameter search
0.001 0.0005 78.32 parameter search
0.001 0.001 77.79 parameter search
0.01 0.0001 77.94 parameter search
0.005 0.0001 78.24 parameter search
0.0001 0.0001 77.23 parameter search
0.001 0.0001 78.50 Optimal case

Hyper-Parameters

We recall that the loss of the DCT algorithm as:

Loss = L1 + λ3L3 − λ2L2. (3.11)

Here, L1 is the classification loss (for each network), L2 and L3 are diversity
and consistency losses, respectively. Furthermore, λ2 and λ3 denote the associated
weights of the diversity and consistency loss, respectively. In all of our experiments,
we set λ2 = 1e− 3. We set λ3 = 1e− 3 for MNIST, CUB200-2011 and CARS196.
For CIFAR10 and CIFAR100, we set λ3 = 1e− 4. In all our experiments, we used
a Gaussian kernel for MMD with σ = 0.05.

We stress that the hyper-parameters reported above are used across all noise
settings.
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Robustness of the DCT algorithm

In this part, we analyze the robustness of the DCT algorithm with respect to its
parameters. By doing so, we evaluate the performance of the DCT algorithm on the
CIFAR10 dataset by varying the values of λ2 and λ3. Table 3.7 shows the accuracy
of the DCT algorithm for the 50% symmetric noise (which is a challenging setup)
for various values of λ2 and λ3. First note that for λ2 = λ3 = 0, we recover the
vanilla co-training framework with an accuracy of 74.02%. Setting λ3 = 1e − 4
and λ2 = 0 results in adding only the consistency loss and a modest increase in the
performance (0.33% to be exact). Interestingly, by just adding the diversity loss
(λ2 = 1e− 3 and λ3 = 0), the accuracy soars to 77.11%, a significant improvement
over the vanilla co-training solution. This confirms the premise of our work, i.e.,
the importance of diversity in co-training.

Another observation in favor of the DCT algorithm is its robustness to the
variation of λ3 and λ2. For example, by fixing λ2 = 0.001 and varying λ3 in a wide
range from 1e − 5 to 1e − 3, the accuracy varies in the range [77.79%, 78.50%].
Similar trends can be observed if we pick λ2 reasonably. For example, with λ3 =
1e − 4, changing λ2 from 1e − 4 to 1e − 2 results in accuracies in the range of
[77.23%, 78.50%].

We also want to emphasize that, as long as we incorporate the DCT module on
top of the baseline algorithm, it becomes possible to achieve significantly improved
performance with minimal additional effort. This demonstrates the ease with which
enhancements can be integrated into our existing framework to boost effectiveness.
Moreover, it highlights the inherent efficiency and robustness of our algorithm, as it
remains capable of delivering better results even with slight modifications. These
qualities underscore the practical applicability and reliability of our approach in
various scenarios, making it a versatile and dependable solution.

3.5 Summary

In this chapter, we presented a novel yet effective method (i.e. Co-Tr with Dis-
crepancy) for training deep neural networks in the presence of noise. Specifically,
we equipped the Co-Tr framework with two different discrepancy modules, (a)
Diversity and (b) Consistency. The former was aimed at enforcing discrepancy
between the two feature extraction networks in the Co-Tr learning module, thereby
learning distinct features; while the latter enforced the networks to learn similar
class probability distributions. Our empirical evaluation across several datasets for
different complex noise conditions clearly demonstrated the need of using such
discrepancy modules in DCT. As an extension, the performance of different dis-
crepancy modules other than MMD can be studied. Furthermore, noisy multi-label
classification tasks is an area where similar approaches may prove successful. In
the next chapter, we will expand the current method into a broader, more gen-
eral version by employing a composite loss function that includes MMD. We also
demonstrate that the co-training framework, enhanced with a discrepancy module,
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can be effectively applied to a variety of tasks.
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Chapter 4

Discrepant Collaborative Training
using Sinkhorn Divergences

In the previous chapter, we explored using Maximum Mean Discrepancy (MMD) to
encourage distinct feature learning for handling noisy labels. Building on that work,
we now extend our approach by integrating Sinkhorn divergence into the co-training
framework. This enhancement facilitates the learning of diverse representations,
enabling the networks to capture better, complementary views. Moreover, our
framework is generalized to serve not only in scenarios involving noisy labels but
also in semi-supervised learning, broadening its applicability.

4.1 Introduction

In this chapter, we address the issue of learning diverse yet distinct models in a
general Co-Training [10] (Co-Tr) framework. More specifically, we equip the Co-Tr
learning paradigm with a novel discrepancy module that results in learning different
yet complementary views of the input; thereby enhancing the overall discriminative
ability of the entire Co-Tr module.

Designing diverse models is a long-standing problem in machine learning
despite several breakthroughs [11, 2, 106]. The prime example is the boosting algo-
rithm and its variants, where a number of different, weak classifiers are learned se-
quentially. However, in the era of deep learning, the capacity of boosting algorithms
to produce strong classifiers have been vastly superseded, and more appropriate
alternative methods to enforce diversity in a deep network need to be investigated.

To address the aforementioned need, what started as a simple learning of two
conditionally independent views of classifying web-data[10], has now been em-
ployed across a wide variety of tasks such as image classification [48, 115], text
classification [106], email classification [69], and natural language processing [135]
etc.. In our preliminary study, we have employed Co-Tr framework with MMD to
learn from noisy labels. Our work proved that improved Co-Tr could learn better
from noisy labels. Co-Tr has also been used in a semi-supervised setting [115],
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Figure 4.1: Deep Co-Training with Discrepancy schematic. Propagation of Dis-
crepant Collaborative Training. A batch of images are fed into homogeneous
networks independently. The first Sϵ module (orange box on left) is placed after
Layer n between two networks. The second Sϵ (orange box on right) module is
placed after softmax layer. We maximize the first Sϵ module to learn diverse features
in each of the network, while the second Sϵ is minimized so as to learn the same
class distributions.

We stress that the diversity is a requirement for the success of the Co-Tr frame-
work [6]. The predominant techniques to induce diversity in Co-Tr are (a) use of
different network architectures [164], (b) random initialization schemes [131] in
each of the individual networks, and (c) training each network with different sets
of samples [48, 115]. While these tactics have achieved significant improvements
in learning different but complementary views of the input, they suffer from a few
setbacks. First, two or more networks with different architectures must be highly
compatible with each other in order to jointly learn different yet complementary
features given the same input data. Moreover, random initialization of the networks
does not guarantee that the learnt features will indeed be diverse, distinct and in-
formative enough for the task at hand. As a remedy, the recent work of Qiao et al.
utilized adversarial examples during training along with random initialization [115].
Nevertheless, one cannot guarantee the learning of complementary features as the
distribution of the adversarial examples is very similar to the original training im-
ages. Interestingly, several recent works used identical homogeneous networks as
the feature extractor units for co-training [48, 96]. Nonetheless, these methods do
not explicitly enforce a discrepancy between the homogeneous networks and may
thereby fail in capturing inherent discriminative features across the different views.

In this chapter, we address the above concern by explicitly enforcing a diversity
constraint in the Co-Tr framework such that the underlying networks do learn
different yet complementary views (or features) of the input even though they
have the same architecture and different initialization. Both the two networks f
and g have the same structure (Fig 4.1). They are fed with same batch of input
data and are trained on the same task: image classification. However, they will
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be updated by different losses. Our proposed module (yellow boxes in Fig 3.1)
helps to keep the homogeneous networks different from each other and improve
the image classification accuracy. O1 and O2 are prediction outputs from networks.
For the test stage, we gather the outputs of network f and g for each test image.
We then select the larger value (most confident) as the final prediction of the test
image. More details are explained in Section 4.4. We apply Sϵ divergence [38]
to measure diversity between networks. One can simply tune Sϵ into Maximum
Mean Discrepancy (MMD) or Optimal Transport (OT) distance by changing ϵ.
The Sϵ module can be seamlessly added to any part of a Co-Tr framework. This
module drives the networks to robustly learn from different views but keeping the
consistency of the outputs at same time. Figure 4.1 provides a brief schematic of
our proposed methodology.

Our major contributions are as follows:

• An explicit method to disentangle learnt representations via an Sϵ based
discrepancy module.

• An empirical study of the effectiveness of two well known variants of Sϵ di-
vergence measures, including Maximum Mean Discrepancy and Wasserstein
Distance.

• An extensive set of experiments demonstrating the advantage of such a Sϵ

module across two different settings; (i) noisy labeled image classification,
and (ii) semi-supervised image classification.

4.2 Extension of Previous Work

We extended the method in Chapter 3 to a more general module by applying more
tasks, datasets and divergences. Our previous work can be considered as a special
case of our proposed work here. Our theoretical contribution is to formulate the
problem using Sinkhorn divergence. Sinkhorn divergence is a family of divergences
where MMD and Wasserstein distance are considered as instances of this family. Our
new work aims to cover more general notion of distance measures under the family
of Sinkhorn divergences. As shown in Section 4.5, the new method outperforms
previous work by a large margin. Moreover, we also show how our contribution can
be used for semi-supervised learning.

1. We extend the specific MMD divergence to Sinkhorn divergence which is a
family of divergences, which can be further tuned to MMD or Wasserstein
distance by tuning the hyper parameter which is more general and flexible
compared to our previous work. For applying our module to different tasks,
one can always tries to achieve better performance by tuning the hyper
parameter easily. And our experiment results shows that Sinkhorn Divergence
provides better and robust performance than MMD divergence in most cases
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which means one can always achieve competitive results without tuning hyper
parameters.

2. More datasets. We tested our methods on more and lager datasets such as
Clothing1M [92] and ImageNet [23]. In our previous work, we focused on
more common datasets for noisy labels problems such as MNIST, CIFAR10,
CIFAR100, CUB200 and CARS196. In this work we not only include
all those datasets but also studied on large scale datasets Clothing1M and
ImageNet, results are shown in Section 4.5.

3. Extension to semi-supervised learning task. By applying the module to
semi-supervised task, we prove that our module is a general solution for the
co-training framework. Since the co-training framework has been applied
to numerous task (domain adaptation [14], image classification [115], data
segmentation [12], tag-based image search [41] and many more), one could
apply our module to any tasks using the co-training framework and expect
improvements.

4. Experiments with different settings are provided. Here, we also considered
extreme noise rates (such as 80%) on ImageNet. By setting the noise rate to
80%, one expects an extremely difficult condition to learn from labels. Even
under this stringent noise condition, our proposed method outperformed the
other baseline by a large margin.

4.3 Related Work

Discrepancy Measurement Our main objective in this work is to utilize dis-
crepancy between the homogeneous networks. Hence, we need to measure the
dissimilarity between two sets of samples, i.e., the generated features of homo-
geneous networks. Here, this is achieved by statistical measures. For the design
and development of several algorithms of machine learning and computer vision,
comparing and matching probability distributions between two different domains
is a fundamental building block [68, 42]. Several divergences such as Kullback-
Leibler [75], Jensen-Shannon [97], etc. have successfully been used in learning
similar/dissimilar distributions across various domains. They are appreciated for
their computational simplicity, but they suffer from the major shortcoming of not
metrizising weak-convergence [31]. It has been shown earlier that MMD [84, 50]
is a highly nontrivial choice as well as the Optimal Transport (OT) distance which
has been long known to be a powerful tool to compare probability distributions
with non-overlapping supports. Both MMD and OT have the ability to metrizise
weak-convergence, but they enjoy different characteristics. MMD can be efficiently
and robustly estimated from a small number of samples of the measures, as a closed
form solution exists for MMD. OT on the other hand, takes into account the under-
lying geometry while is computationally expensive. Thanks to [38], this cost is
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largely mitigated by settling for cheaper approximations obtained through strongly
convex regularizers, in particular entropy. [38] introduce the Sinkhorn loss Sϵ with
a smoothing parameter ϵ. When ϵ → 0, Sϵ is reduced to a pure Wasserstein distance,
and conversely when ϵ = +∞, it leads to MMD.

Learning from noisy datasets and Semi-supervised learning Learning from
a clean dataset is not considered as a difficult task any longer. Recently, there has
observed a growing surge in the interest of studying the robustness of any machine
learning algorithm against noisy labeled images and unlabeled images. With re-
gard to learning from noisy labeled images, MentorNet [63] trains an additional
StudentNet network to select clean labels which is in-turn used to further guide
the main training process. If a clean and unbiased validation set is not available,
MentorNet will discover new data-driven sample-weight schemes from data which
can be updated according to feedback from StudentNet. Ren et al. [116] follow
a meta-learning paradigm and use a clean validation set to re-weight the training
samples. Importance weights for training samples which result in the decrease of
the loss in a clean validation set are increased, while the weights of those that result
in the increase of the loss are decreased during the training process. One of the
major drawbacks of [116] is the calculation of the clean validation set based impor-
tance weights after every gradient update of the network, which increases the time
complexity of the overall algorithm. On the other hand, Decoupling [96] trains two
different sub-networks with the examples that are confusing to both of them during
the course of training1. Similarly, Co-Tr [48] trains two different networks with
one selecting the clean examples, i.e. the examples with lower classification loss,
for the other in an intertwined fashion. However, without any explicit discrepancy
module between the networks that enforce the features learnt to be distinct and
different, the solution learnt by the two aforementioned algorithm is not optimal.
Motivation of semi-supervised learning is similar to learning from noisy labels.
Regard of semi-supervised learning tasks, [121] presented the mutual-exclusivity
loss and [101] presented the entropy minimization which are applied in one of the
most famous semi-supervised learning methods – self-training technique.

4.4 Methodology

Here, we present our proposed methodology, i.e., Discrepant Collaborative Training
(DCT+). We formulate DCT* as a cohort of two homogeneous networks f and g
with their learnable parameters represented as θ and θ̂ respectively (see Fig. 3.1 for
more details.). Our total loss is contributed by three parts which are: LM , LD and
LC . LM is the basic loss function for different tasks (for example, cross entropy
loss for image classification task). LD is discrepancy loss to increase diversity. LC

is the consistency loss which keeps consistency between networks.
1Both the networks produce different predictions with high confidence.
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We now define our total loss function as follows:

Lossf = Lf
M − λDLD + λCLC (4.1)

Lossg = Lg
M − λDLD + λCLC (4.2)

λD and λC are the combination weights for the diversity and the consistency loss
(i.e. LD and LC) respectively. Eqn 4.1 and 4.2 are used to update f and g using
stochastic gradient decent optimizer.

The first part of the loss function, LM , is different for each specific network. For
example, if we are considering a supervised learning task, LM will be a conventional
supervised loss that trains the network to predict the correct labels for the training
instances. To increase the diversity between f and g, we apply our Sϵ in the middle
of our two networks (see Fig.3.1) which forms the second part of the total loss
which we call discrepancy loss.

LD = Sϵ(Ai,Bi) (4.3)

where Ai = fθ(1:l)(Xi) and Bi = g
θ̂(1:l)

(Xi) for the ith input Xi, l denotes the

layer where the discrepant Sϵ module is inserted, and θ(1 : l) and θ̂(1 : l) represent
the parameters of the two networks f and g up until layer l. It is to be noted that
LD is calculated irrespective of the presence or absence of noisy labels within the
mini-batch of images. Even though we want both f and g to learn diverse and
distinct features, the final class probability distribution learnt by f and g should not
be very different from each other. Thus, we use another Sϵ to explicitly reduce the
discrepancy between zf

i and zg
i for every Xi as shown below:

LC = Sϵ(z
f
i , z

g
i ), (4.4)

where zf
i = fθ(Xi) and zg

i = g
θ̂
(Xi)

2.

4.4.1 Extension to Learning from Noisy Labels

Settings We refer to the settings of [48] for the task of learning from noisy labels.
The input for f and g is always the same mini-batch of training/testing set. Labels of
all samples in mini-batch are randomly corrupted based on noise rate. The outputs
of f and g for each sample are predictions of the class (each network will predict
one most possible class where the sample is from). During the test step, we gather
the outputs of f and g for each sample. For example, if the dataset is CIFAR10,
final outputs of f and g are both 1 ∗ 1 for each test image. We select the larger value
as the final prediction of the test image.

Now, we show how we introduce our DCT+ design to the Co-Tr framework to
deal with noisy labels Fig.3.1. As elaborated in the previous section, we employ the

2Usually it is the output of the softmax layer for each of f and g.
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total loss defined in Eqn. 4.1 and 4.2. Similar to [63, 48, 50], networks will select
possible clean examples based on classification loss. More specifically, classification
loss for Xi for f and g are shown below:

Lf (Xi) = − log

(
exp(zf

i )∑m
1 exp(zf

j )

)
Lg(Xi) = − log

(
exp(zg

i )∑m
1 exp(zg

j )

)
,

(4.5)

where zf
i = fθ(Xi) and zg

i = g
θ̂
(Xi)

3. Similar to [48], within each mini-batch
examples which produce the R lowest Lg and Lf will be selected for f and g
separately. The loss to update θf is given as

Lf
M =

R∑
i=1

Lf (Xi) ∀Xi ∈ Dg , (4.6)

where Dg represents a set of images that results in the R lowest Lg calculated in
Eqn 4.5. Similarly, we calculate the loss to update θg as

Lg
M =

R∑
i=1

Lg(Xi) ∀Xi ∈ Df , (4.7)

where Df represents a set of images that results in the R lowest Lf as calculated in
Eqn 4.5. LD and LC are the same as discussed in the previous section. Algorithm 1
provides the pseudo code of our proposed DCT+ algorithm for the noisy label task.

4.4.2 Extension to Semi-Supervised Learning

Settings We choose [115] as our baseline for the task of semi-supervised learning.
Here, we denote D = S

⋃
U as our dataset where images in S are labeled and

images in S are not. For the training of semi-supervised task, both networks have
access to S and U . We feed two networks with same mini-batch which contains both
labeled and unlabeled samples. The network is trained to make similar predictions
on training samples (no matter labeled or not) and make different predictions on
adversarial samples. We simply add the divergence modules to the co-training
framework to force the networks to extract different features but similar softmax
outputs on training samples.

We also define ffc and gfc as the final fully-connected layer that classify the
softmax outputs zf and zg to one of the categories in S . L1 is the semi supervised
learning loss [115] defined as:

Lf
M = Lg

M = Lsup + Lcot + Ldiff . (4.8)

3Usually it is the output of the softmax layer for each of f and g.
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For the above equation, we define:

Lsup(X, y) = H
(
y, ffc(pf (X))

)
+H

(
y, gfc(pg(X))

)
, (4.9)

pf (x) = zf and pg(x) = zg (see Fig.4.1), for any data (X, y) in S where y is the
label for X and H(m,n) is the cross entropy between distribution m and n.

Lcot(x) = H
(1
2
(pf (X) + pg(X))

)
− 1

2
H
(
pf (X) + pg(X)

)
, (4.10)

where x ∈ U and H(m) is the entropy of m. Lcot is the Jensen-Shannon divergence
between ffc(pf (X)) and gfc(pg(X)).

We then generate a set of adversarial examples [42] D′ = {h(X)|X ∈ D}.
We employ several constraints for the adversarial examples: (i) ffc(pf (h(X))) ̸=
gfc(pg(h(X))), (ii) pf (h(X)) = pf (X) but pg(h(X)) ̸= pg(X), which implies
that h(X) is an adversarial example of g that fools network g but not network h
(and vice versa), and (iii) h(X)−X is small. Ldiff is finally defined as:

Ldiff(x) = H
(
pf (X), pg(h(X))

)
−H

(
pf (h(X)), pg(X)

)
. (4.11)

Similarly, LD and LC will be the same discussed in the previous section. Algo-
rithm 2 provides the pseudo code of our proposed DCT+ algorithm for the task of
semi-supervised learning.

Algorithm 1 Discrepant Collaborative Training on Learning from Noisy labels
referred to [48]

Data: θ and θ̂ (parameters of network f and g), learning rate η, epoch number T , l
the layer number for Sϵ.

Algorithm DCT+ with noisy labels
1 for t = 1, . . . , T do
2 Shuffle training set D;

3 Fetch mini-batch D̄ from D;
4 Obtain Df = argminD̄ l(f, D̄); sample R(T) instances with small cross

entropy loss
5 Obtain Dg = argminD̄ l(g, D̄); sample R(T) instances with small cross

entropy loss
6 Update θ = θ − η

[
λM∇θL

f
M(θ,Dg) − λD∇θSϵ(fθ(1:l)(D̄), gθ̂(1:l)(D̄))

+ λC∇θSϵ(fθ(D̄), gθ̂(D̄))
]
;

7 Update θ̂ = θ̂ − η
[
λM∇θ̂L

g
M(θ̂,Df ) − λD∇θ̂Sϵ(fθ(1:l)(D̄), gθ̂(1:l)(D̄))

+ λC∇θ̂Sϵ(fθ(D̄), gθ̂(D̄))
]
;

end
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Algorithm 2 Discrepant Collaborative Training on Semi-Supervised Learning [115]

Data: θ and θ̂ (parameters of network f and g), learning rate η, epoch number T , l
the layer number for Sϵ.

Algorithm DCT+ for semi-supervised learning
1 for t = 1, . . . , T do
2 Shuffle training set D;
3 Fetch mini-batch S̄ from S;mini-batch Ū from U ;D̄ = S̄

⋃
Ū ;

4 Create Adversarial Examples Compute the adversarial examples h1(x)
and h2(x) for x ∈ D̄ using FGSM [43]

5 Calculate LM Lf
M = Lg

M (see Eq.4.8);

6 Update θ = θ − η
[
λM∇θL

f
M(θ, D̄) − λD∇θSϵ(fθ(1:l)(D̄), gθ̂(1:l)(D̄))

+ λC∇θSϵ(fθ(D̄), gθ̂(D̄))
]
;

7 Update θ̂ = θ̂ − η
[
λM∇θ̂L

g
M(θ̂, D̄) − λD∇θ̂Sϵ(fθ(1:l)(D̄), gθ̂(1:l)(D̄))

+ λC∇θ̂Sϵ(fθ(D̄), gθ̂(D̄))
]
;

end

4.5 Experiments

Dataset. We verify the effectiveness of our approach on six benchmark datasets:
MNIST [80], CIFAR10 [73], CIFAR100 [73], SVHN [105], CUB200-2011 [146],
CARS196 [72], Clothing1M [23] on different tasks. More information about the
datasets can be found in section 2.4.1.

Setup. Table 4.1 shows the CNN architecture used for experiments on MNIST,
CIFAR10, CIFAR100 and SVHN. For experiments in the weakly-supervised learn-
ing setup, we follow the well-acknowledged standard settings of “Temporal En-
sembling” [77] and “Virtual Adversarial Training” [100]. Further, we use Adam
optimizer with details of hyper-parameters such as learning rate and weight decay
are provided in abalation study. We choose [48] as our baseline for the Noisy Label
task and we follow their detailed settings. For the task of Semi-Supervised learning,
we follow the settings of [115]. For experiments on two fine-grained image recog-
nition datasets (i.e. CUB200-2011 and CARS196), we use the Inception-V1 [136]
architecture, pretrained on Imagenet [22]. Here, we use RMSProp and the Adam
optimizer for the CUB200-2011 [146] and CARS196 [72] datasets respectively.
The initial learning rate for both optimizers is set to 0.0001.
Note: We report the optimal value of the hyper-parameters λ2 and λ3, batch size,
and number of epochs used in DCT+ for all the datasets in abalation study. The
method trains two networks simultaneously and out of the two predictions, we select
the prediction that has the higher confidence.
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Table 4.1: Network Structure trained by MNIST, CIFAR10, CIFAR100 and SVHN.
The slope of all LReLU functions in the network are set to 0.01. Number of training
classes for the dataset is K.

#Layer Input Image
1 3× 3 conv, 128 LReLU
2 3× 3 conv, 128 LReLU
3 3× 3 conv, 128 LReLU

2× 2 max-pool, stride 2
dropout, p = 0.25

4 3× 3 conv, 256 LReLU
5 3× 3 conv, 256 LReLU
6 3× 3 conv, 256 LReLU

2× 2 max-pool, stride 2
dropout, p = 0.25

7 3× 3 conv, 512 LReLU
8 3× 3 conv, 256 LReLU
9 3× 3 conv, 128 LReLU

avg-pool
10 fc-layer 128 → K

softmax

4.5.1 Learning from Noisy Labels

Noise Transition. Here we test our proposed algorithm on the task of noisy-
supervised image classification. More specifically and following the protocols
of [48, 112], we manually corrupt all the clean datasets by a noise transition matrix
Q ∈ RK×K , where Qij = Pr(ỹ = j|y = i) gives the probability that noisy
label (i.e. ỹ) is flipped to a value j from clean label (i.e. y) value of i. In this
chapter, we set up two different noise transition situations: (1) Pair flipping, and
(2) Symmetric flipping. Exemplar noise transition matrix for each of the pair and
symmetric flipping is shown in Fig. 2.6(a) and 2.6(b), where the value of noise rate
ζ is set 45% and 50% respectively.

In our experiments, we run and test our proposed DCT+ in three different
noise conditions, which are specified as follows: (1) 45% pair flip noise; (2) 50%
symmetric flip noise; (3) 20% symmetric flip noise. We choose high noise rate
values, i.e., 45% and 50%, as this chapter mainly focuses on the robustness of DCT+
and the value of working with noisy data. However one should definitely set the
value ϵ lower than 50% for pair flip noise, otherwise the neural networks will need
additional information to learn discriminative features. We further test on 20%
symmetric flip noise so as to verify the robustness of our proposed DCT+ algorithm
under lower noise conditions.

Baseline Algorithms. For MNIST, CIFAR10 and CIFAR100, we compare
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Table 4.2: Comparison between our proposed DCT+ algorithm with popular baseline
algorithms. We report the average accuracy in (%) from 5 runs of DCT+. F-C stands
for F-correction, M-Net stands for MentorNet, and Co-T stands for Co-Teaching.

noise Dataset F-C [112] Decoupling [96] M-Net [63] Co-T [48] DCT+(ϵ = +∞) DCT+(ϵ = 0)
pairflip-45% MNIST 0.24 58.03 80.88 87.63 88.54 90.85

symmetric-50% MNIST 79.61 81.15 90.05 91.32 94.21 95.85
symmetric-20% MNIST 98.82 95.70 96.70 97.25 98.54 99.07

pairflip-45% CIFAR10 6.61 48.80 58.14 72.62 72.91 74.34
symmetric-50% CIFAR10 59.83 51.49 71.10 74.02 78.50 80.4
symmetric-20% CIFAR10 84.55 80.44 80.76 82.32 85.41 87.2

pairflip-45% CIFAR100 1.60 26.05 31.60 34.811 35.33 36.00
symmetric-50% CIFAR100 41.04 25.80 39.00 41.37 42.11 43.4
symmetric-20% CIFAR100 61.87 44.52 52.13 54.23 56.11 57.8

our results against the following baseline methods: (i) F-correction [112], which
makes use of a noise transition matrix to correct the softmax predictions; (ii)
Decoupling [96], which select those samples where the underlying networks are
highly non-confident of their predictions and use them to update the parameters; (iii)
MentorNet [63], where noisy instances for the student networks are filtered out by a
pre-trained additional teacher network to learn robustly under noisy labels. (iv) Co-
Teaching [48], which trains two identical homogeneous networks where one selects
the best possible clean instances for the other and vice-versa. Results of the above
baselines are reported from [48]. Furthermore, we consider two baseline models
trained with (a) conventional cross-entropy loss and (b) Co-Teaching algorithms so
as to verify the robust performance of our proposed DCT+ method on CUB200-2011
and CARS196 datasets.

Results Analysis and Discussion

Here, we provide a detailed insight regarding the performance of DCT+ and compare
it against the several baseline algorithms mentioned before across the different
datasets for different settings of noise.

MNIST. As observed in Table 4.2, all baseline methods obtain competitive
results against each other in the case of a low noise rate (i.e. symmetric 20%). Our
DCT+ method achieve a competitive 99.07% against the second best F-correction
method (which achieves 98.82% accuracy on the test set). Further one can observe
a drop in performance when the noise rate is increased to 50% for the F-correction
and the Decoupling baseline methods. However both MentorNet and Co-Teaching
are quite robust when dealing with large values of the noise rate. Further our
proposed DCT+ algorithm obtains the state-of-the-art accuracy of 95.85%, thereby
outperforming all the baselines and the current best algorithm (i.e. Co-Teaching)
by 4.53%. A further increase in the complexity of the noise (i.e. pair-flip noise
with ζ=45%) results in a considerable drop in the classification accuracy for both
F-correction and Decoupling methods. On the other hand, we again observe that
DCT+ outperforms all the baselines by a significant margin. More specifically, we
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Table 4.3: Comparison between our proposed DCT+ algorithm with baseline algo-
rithms for CUB200-2011 and CARS196 in terms of accuracy on the test set (%).
Co-T stands for Co-teaching [48].

noise Dataset Cross Entropy Co-T [48] DCT+(ϵ = +∞) DCT+(ϵ = 0)
symmetric-50% CUB200-2011 40.80 54.64 59.24 60.56
symmetric-20% CUB200-2011 63.78 72.34 74.57 75.44
symmetric-50% CARS196 38.86 66.75 67.80 69.15
symmetric-20% CARS196 71.76 86.00 86.62 87.51

outperform MentorNet by 9.97% in terms of accuracy on the test set. Moreover, we
notice that when ϵ=0 (Sϵ becomes the Wasserstein Distance) the performance is
improved somewhat compared to when ϵ=+∞ (the Sϵ loss becomes MMD). The
same conclusion can be drawn from the experiments on the other datasets as well.

CIFAR10. From Table 4.2, one can observe that similar results (in terms of
classification accuracy) is obtained by all the baseline methods for symmetric flip
noise with 20%. Unlike for the MNIST dataset, on CIFAR10, DCT+ outperforms
all the baselines including F-correction by 2.65%. With further increase in the level
and the complexity of the noise, it is easily seen that DCT+ outperforms all the
baseline algorithms, thus further validating the design choices incorporated within
DCT+ to learn distinct and discriminative features.

CIFAR100. It is observed from Table 4.2 that for symmetric noise with 20%
noise rate, DCT+ outperforms all the competitive baseline algorithms apart from
F-correction. It is evident that F-correction is indeed a reliable method below a
certain moderate level of noise corruption. However as the complexity of noise in
increased, F-correction is no longer able to cope. On the other hand in complex
noise settings, DCT+ is significantly more robust in comparison to the baseline
methods, thereby reinforcing the choice of our algorithmic design.

Table 4.4: Comparison between our proposed DCT+ algorithm with popular baseline
algorithms. We report the average accuracy (%) from 5 runs using DCT. CIFAR100+
means it is trained using data augmentation, otherwise not. S-T stands for Stochastic
Transformations. T-E stands for Temporal Ensembling. D-C stands for Deep Co-
Training. ”-” means the original papers did not report the corresponding accuracy.

dataset GAN[121] S-T[121] π Model[77] T-E[77] D-C[115] DCT+(ϵ=+∞) DCT+(ϵ = 0)
CIFAR10 81.37 88.71 87.64 87.84 90.97 91.45 91.89
CIFAR100 - - 56.57 - 61.23 61.77 61.98

CIFAR100+ - - - - 65.37 65.84 66.16
SVHN 91.89 - 95.18 95.58 96.39 96.52 96.78

CUB200-2011 The results are reported in Table 4.3. In the 20% symmetric noise
setting, the baseline model trained with the conventional cross-entropy classification
loss achieves a test accuracy of 63.78%. Co-Teaching algorithm outperforms this
baseline by 8.56%. Moreover, DCT+ outperforms all the baseline methods and
achieves an accuracy of 74.57% and 75.44% with different values of noise rate for
the same noise setting. A decrease in the classification accuracy is observed when
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the noise rate is increased to 50%. Nonetheless, DCT+ still outperforms the rest
by a significant margin. These results clearly demonstrate the effectiveness and
robustness of DCT+ for large scale fine-grained image recognition tasks against
different value of noise corruption percentages.

CARS196 It is observed in Table 4.3 that our proposed DCT+ algorithm out-
performs both cross-entropy baselines by a significant margin in terms of accuracy
on the test set for different values of 20% and 50%. However unlike the CUBS200-
2011 dataset, the performance gain observed over Co-Teaching is not substantial
for the CARS196 dataset. One plausible justification that can be attributed to this
observation is that CARS196 is a difficult dataset to train on in comparison to
CUBS200-2011.

In summary, according to the results shown in Table 4.2 and 4.3, we have
successfully verified and demonstrated the effectiveness and robustness of our
proposed DCT+ method, irrespective of the kind and the level of noise present in
the datasets.

Note: Fine-grained image recognition datasets usually consist of labeled images
which have low (and high) intra (and inter) class variances, thereby making it
difficult to train models on such datasets as they are more vulnerable to noise.
From the results obtained in Table 4.3, it is observed that both Co-Teaching and
DCT+ significantly outperforms the cross-entropy baseline in terms of classification
accuracy on the test set. This observation clearly demonstrates the need for two (or
more) feature extractors in order to learn distinct and discriminative features from a
fine-grained dataset in the presence of noisy labels.

Clothing1M
We use the noise corrupted version of the Clothing1M4 to infer the noise rate

by the clean validation set. The batch size is set to 64. Further, we report the
classification accuracy after training for 51 epochs for all methods. As shown in
Table 4.5, our DCT+ performs better than Co-Teaching [48] and JoCoR[150]; thus
demonstrating the effectiveness of DCT+ over Co-Teaching and JoCoR for a large
dataset.

Table 4.5: Comparison of our proposed CCT against two different baselines on
Clothing1M dataset: Co-Teaching [48] and JoCoR [150]. Accuracy(%) is reported
as the average of 5 runs.

method Co-Teaching JoCoR DCT+(OURS)
accuracy 68.5 69.8 70.1

ImageNet
Jiang et al.[62] proposed to use mini-ImageNet and Stanford Cars to introduce

both web and symmetric indistribution noise in a controlled manner with different
noise ratios. We adopt the mini-ImageNet web noise dataset for evaluation in a real
scenario with several ratios, which consists of 100 classes with 50K (5K) samples

4We have already used the noise corrupted version of the Clothing1M dataset in our experiments.
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for training (validation). For fair comparison, we use a standard ResNet-18 [55] and
follow the work of [110, 62].

Table 4.6: Comparison of our proposed CCT against two different baselines on
Mini-Imagenet: Co-Teaching [48] and JoCoR [150]. Accuracy(%) is reported as
the average of 5 runs.

noise rate 20% 40% 80%
Co-Teaching 54.1 45.3 37.0

JoCoR 57.2 49.1 40.4
DCT+(OURS) 58.4 50.8 42.1

Table 4.6 illustrates the superior performance of our DCT+ when training in the
presence of web label noise in mini-ImageNet [92]. The results demonstrate that
DCT are robust to web noise and the improvements are consistenct across noise
levels.

4.5.2 Semi-supervised Learning

We also investigate the performance of our algorithm in the semi-supervised setting,
in particular, on the SVHN, CIFAR10 and CIFAR100 datasets. Following [77], for
SVHN, we only use 1, 000 images out of the available 73, 257 training images as the
supervised set S , the remaining 73, 257− 1, 000 images goes in to the unsupervised
set U . For CIFAR10, we only use 4, 000 images out of the 500, 000 available
training images in the supervised set S and the remaining 46, 000 images form
the unsupervised set U . For CIFAR100, we use 10, 000 images out of the 50, 000
available training images in the supervised set S and the remaining 40, 000 images
make up the unsupervised set U . We use the full set of test images for evaluation
across all datasets. For the baseline, we follow the work by [115]. We also compare
our design with: GAN [122], Stochastic Transformations [121],

∏
Model [77],

Temporal Ensembling [77], Mean Teacher [139] and Deep Co-training 2-views D-C,
[115]. To support a fair comparison, we only use D-C-2-views as more views
increase the number of network parameters.

Baselines Baseline methods are listed in Table 4.4. All of the baselines methods,
as well as ours, require the evaluation of multiple models, meaning that even though
DCT+ has two homogeneous networks, it is not at a computational disadvantage.

Discussion of Results From Table 4.4 it is observed that for CIFAR10, all
baseline methods reach 80% accuracy on the test set. Our DCT+ outperforms
other methods and achieves 91.89% which beats previous state-of-the-art, Deep-
Co-Training [115], by 0.92%. The same conclusion can be drawn for CIFAR100,
CIFAR100+ and SVHN where our DCT+ outperforms previous state-of-the-art
by 0.39− 0.79%. Also, Sϵ=0 works better than Sϵ=+∞, which is consistent with
our results on the tasks using noisy labels. According to the results in Table 4.4,
Deep Co-Training [115] is indeed a very good method for semi-supervised learning.
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Whenever we are injecting Sϵ into the Deep Co-Training framework, we see im-
provements. Moreover, these improvements do not come at the expense of adding
more parameters to the network and, thanks to [38], the computational burden is
affordable. Details of running times and ablation studies are provided in the next
section.

4.5.3 Abalation

In this section, we provide details of our implementation and study the robustness of
our DCT+ design with respect to its parameters, namely λ2 and λ3 (see Eq. (4.12),
below). We will first report the value of the hyper parameters used in our experi-
ments. Then we will analyze and investigate the effect of the hyper-parameters over
the performance of the proposed DCT+ algorithm.

Hyper-Parameters

• For all experiments on MNIST, CIFAR10, CIFAR100 and SVHN, we set
initial learning rate and weight decay as 0.001 and 0 respectively. The models
are trained for 600 epochs (with a batch of size 128 at each iteration).

• For CUBS200-2011 and CARS196, we use RMSProp and Adam optimizer
respectively. The initial learning rate for both optimizers is set to 0.0001. The
models are trained for 80 and the batch size is set to 32.

Robustness of the DCT algorithm

We recall that the loss of the DCT+ algorithm as:

Loss = L1 − λ2L2 + λ3L3. (4.12)

Here, L1 is the classification loss (for each network), L2 and L3 are diversity
and consistency losses, respectively. Furthermore, λ2 and λ3 denote the associated
weights of L2 and L3 respectively. Here, we analyze the robustness of the DCT+
algorithm with respect to its parameters. By doing so, we evaluate the performance
of the DCT+ algorithm on the CUB200-2011 dataset by varying the values of λ2

and λ3. Table 4.7 shows the accuracy of the Sϵ=0 (i.e., 2-Wasserstein Distance) for
the 50% symmetric noise (which is a challenging setup) for various values of λ2

and λ3. Some of the observations are as follows:
When λ2=λ3=0, we recover the vanilla Co-Tr framework with an accuracy

of 54.64%. Setting λ3=0.0001 and λ2=0 results in adding only the consistency
loss and a modest increase in the performance (1.88% to be exact) is observed.
Interestingly, by just adding the diversity loss (λ2=0.001 and λ3=0), the accuracy
soars to 57.44%, a significant improvement over the vanilla Co-Tr. This confirms
the premise of our work, i.e., the importance of diversity in Co-Tr. For example, by
fixing λ2 = 0.001 and varying λ3 in a range from 0.0005 to 0.005, the accuracy
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varies in the range [58.25%, 60.56%]. Similar trends can be observed if we pick
λ2 reasonably. For example, with λ3 = 0.001, changing λ2 from 0.0001 to 0.005
results in accuracies in the range of [58.22%, 59.45%].

Overall, we have observed a very robust performance with DCT+, outperforming
vanilla Co-Tr framework consistently with ease. Here, we recommend a simple and
general way to set λ2 and λ3 which is to set both of them as 0.001. However, one
can fine tune them to achieve even better results and our suggestion is to set λ2 a bit
smaller than λ3.

Table 4.7: The accuracy (%) of Sϵ=0 (i.e. 2-Wasserstein Distance) for various setups (using
CUB200-2011 dataset contaminated by symmetric noise with rate of 50%.)

λ2 λ3 DCT+(%) Descriptions
0 0 54.64 Co-Teaching [48]

0.001 0 57.44 Diversity loss only
0 0.001 56.52 Consistency loss only

0.001 0.005 58.75 parameter search
0.001 0.0005 58.25 parameter search
0.005 0.001 58.22 parameter search
0.0005 0.001 59.45 parameter search
0.001 0.001 60.56 Optimal Case

Effect of ϵ

In this part, we study the importance of ϵ in our DCT+ algorithm for the CUB200-
2011 dataset in the presence of 50% symmetric noisy labels. The results are shown
in Table 4.8. It is clearly observed that with increasing the ϵ, the performance drops.
As seen, the performance drops as ϵ is increased from 0 (i.e. 2-Wasserstein Distance)
to +∞ (MMD). Thereby Sϵ=0 (i.e. 2-Wasserstein Distance) clearly outperforms
Sϵ=+∞ (MMD).

Table 4.8: Study of the importance of ϵ for Sϵ for CUB200-2011 dataset in the presence of
50% symmetric noisy labels. The average accuracy (%) is reported after 5 different runs of
DCT+. WD stands for Wasserstein Distance. We fix λ2 = λ3 = 0.001

Condition
ϵ = 0

(2-WD)
ϵ = 1 ϵ = 5 ϵ = 1000

ϵ = ∞
(MMD)

Co-Teaching [48]

Accuracy 60.56 60.25 59.85 59.41 59.24 54.64
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4.6 Summary

A novel and effective method (i.e. Co-Tr utilizing Sϵ) for training deep neural
networks was presented. It was demonstrated to be outperforming all other baseline
methods in the vast majority of settings influenced by noisy labels, as well as in a
semi-supervised setting. Sϵ divergence was used, in the middle of the network, to
drive the networks to learn distinct features, while the Sϵ at the end enforces the net-
works to still learn similar class probability distributions. Multi-label classification
tasks is another area with related challenges where similar approaches may prove
successful. In the next chapter, we continue our exploration of improving the co-
training framework for learning from noisy labels by investigating a fundamentally
different network architecture: the transformer. We will discuss the advantages of
replacing conventional CNNs with transformers, highlighting their unique learning
properties and potential benefits in handling noisy data.
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Chapter 5

Learning from Noisy Labels with
Contrastive Co-Transformer

In the previous two chapters, we have discussed how to leverage the co-training
framework with CNN architectures to effectively learn from noisy labels, leading
to significant performance improvements. Building on these results, and given the
demonstrated robustness of transformers in handling noisy data, this chapter ex-
plores the application of the co-training framework using transformer architectures
to further enhance learning from noisy labels. By integrating the strengths of trans-
formers with the co-training approach, we aim to achieve improved generalization
and resilience against label noise. We propose a novel method called Contrastive
Co-Transformer (CCTran) and demonstrate its ability to learn from image datasets
with noisy labels.

5.1 Introduction

As a result, such corruption of the data leads to incorrect predictions by the deployed
model. This highlights the necessity to deal with label noise in an ordered way.

Transformers have recently started to receive significant attention in the field
of machine learning and computer vision research. The seminal work in the field
of transformers was proposed in [144]. Even though the transformers were funda-
mentally designed to learn long range dependencies in natural language processing
[66, 18, 78], they have recently been widely applied to learning discriminative
features from images [91, 149, 13]. The vast amount of research on vision trans-
former and self-attention based models show the importance of an efficient archi-
tectural design that can learn discriminative, distinct, yet complementary visual
representations[86, 132, 161, 149, 163]. As a result of introducing great flexibility
in modeling long-range dependencies in vision tasks while introducing less induc-
tive bias, vision transformers have already achieved performances competitive with
their CNN counterparts [55, 137]. They can naturally process multi-modal input
data including images, video, text, speech and point clouds. Previous studies [103]
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Figure 5.1: Test accuracy of plain CNN and transformer based architectures with
45% of pairflip noise on CIFAR10.

have shown that transformers are highly robust to severe occlusions. However, there
is, to the best of our knowledge, no study discussing the robustness of transformers
with respect to label noise.

Our work studies the robustness to label noise of transformers via experiments
on different datasets and settings. We also propose a new Co-Tr method which intro-
duces a contrastive loss module which improves the robustness of the transformer
against label noise.

We begin by showing the importance of introducing transformers, over a stan-
dard CNN, as a backbone of Co-Teaching [48] with the help of a toy experiment.
Co-Teaching [48] is a well-known method which uses two concurrent CNNs that
share information of possibly clean samples during training. In our toy experiment,
we utilise a 3-layer MLP in the case of a CNN based backbone, while using the
transformer proposed in [53] in the transformer based version. To our surprise, we
noticed (as shown in Fig. 5.1) that transformers are more resilient to noise and are
able to reach superior performance in terms of accuracy compared to using an MLP
as the backbone of Co-teaching. We set the noise rate of pairflip to 45% (Details
of the experiment are attached in the supplementary material). We also observe
in Fig. 5.1 that CNNs attain a very high accuracy on the test set during the initial
epochs, while eventually over-fitting to the noise present in the data. On the other
hand, and unlike CNNs, the learning curve of the transformer is slow but steady
during the initial epochs, and eventually plateauing as the learning progresses whilst
outperforming the CNNs in terms of accuracy on the test set.

Co-Tr is one of the well known algorithms aiming at automatically classifying
samples as clean or noisy. Blum et al. [10] proposed the general Co-Tr learning
framework where they successfully addressed the problem of website classification.
Recently, Co-Tr has been applied extensively to the noisy label problem[48, 150,
159]. The main idea behind the Co-Tr algorithm is to simultaneously train two or
more sister networks together to learn distinct yet complementary features for the
task at hand, thus constraining the need to have two or more different aspects of
the data. In our work, we apply transformers to Co-Tr framework and we call it
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Figure 5.2: Schematic diagram of CCT. The noisy dataset is fed into two trans-
formers in parallel. Features (h1 and h2) are extracted before the linear layers.
Simultaneously, both h1 and h2 are passed through classifiers for calculating the
classification loss (p1 and p2).

Co-Transformer.
In order to achieve better performance and robustness against the various degrees

of noise present in the data, we also introduce the contrastive loss module to the
Co-transformer framework. Contrastive learning on visual representations can
be dated back to [46] and has recently been applied to unsupervised learning
[15, 158, 24], which is formulated as the task of finding similar and dissimilar
features for a machine learning model. It aims to pull similar examples closer to
each other and push dissimilar ones further away which is also needed when learning
distinct yet complementary features in a Co-Tr framework in the presence of noisy
labels. Generally, for contrastive learning algorithms, data-augmentation techniques
are used to create similar examples [15, 154, 4, 15, 165, 61, 57]. However, for
our Co-Transformer we overcome such (in general dataset specific) augmentation
techniques by using the outputs of the same input image by Co-transformers as
two similar examples. After having extracted the features using two homogeneous
transformers, we calculate the contrastive loss for every single example even if
the examples have been labeled as clean or noisy by the underlying transformers
based on its loss value1. As a result, and unlike [48, 150] which only make use of
samples that are labeled as clean, we utilize all the samples within the mini batch in
the back propagation of the gradients, resulting in stable and efficient learning. A
diagrammatic schematic of our proposed approach is illustrated in Fig 5.2.

Our major contributions are:
• A novel method to improve the divergence between two homogeneous trans-

formers in the Co-Training framework.

• A novel method to extract more information from a noisy mini batch com-
pared to other state-of-the-art methods.

We have evaluated our proposed CCTran on six common image classification
datasets MNIST [81], CIFAR10 [73], CIFAR100 [73], CUBS200-2011 [145],

1This selection of samples based on their loss value is also famously known as the “small-loss”
principle. [140]
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CARS196 [71] and Clothing1M [155]. Our empirical evaluation clearly demon-
strates the effectiveness of CCT over the five state-of-the-art algorithms tested,
namely Decoupling [96], F-correction [112], Mentor-Net [64], Co-Teaching [48],
JoCor [150] and Jo-SRC [157] in terms of classification accuracies on the test set of
these datasets.

5.2 Related Work

Contrastive Learning. More details about definition and current research trends
of contrastive learning can be found in Chapter 2. (see introduction of contrastive
learning). In our proposed CCT, the features extracted from two encoder networks
are considered to be a positive pair. As a result, no additional data augmenta-
tion is needed, thereby saving the time and the resources needed to find the right
augmentation strategy for every dataset.

Transformers More background information about transformers can be found in
Chapter 2. The recent success of ViT [91, 53] have provided us with more reliable
and excellent performance transformer backbones. [25] argued that Transformers
lack some of the inductive biases inherent to CNNs, such as translation equivariance
and locality, and therefore do not generalize well when trained on insufficient
amounts of data. However, [53] has shown for the first time that with the right
size and tokenization, transformers can perform head-to-head with state-of-the-art
methods on small datasets, often with better accuracy and fewer parameters. In this
work, we apply transformers from [53] for small datasets: MNIST, CIFAR10 and
CIFAR100. For CU200-2011, CARS196 and Clothing1M we apply transformers
from [91].

5.3 Methodology

As mentioned above, we aim to utilize all the examples in the noisy datasets and to
introduce the contrastive learning algorithm within the Co-Transformer framework.
Inspired by the recent success of contrastive learning and Co-training algorithms
(as mentioned in the previous section), CCT takes advantages of the small-loss
sample selection strategy to boost the diversity when training the two transformers
by exchanging information between them. Moreover, samples with labels marked
as clean or noisy by the transformers need not to be correct, therefore leading to
further erroneous predictions when separating the original noisy samples from the
clean ones. The features extracted from the two transformers are different from each
other, and thus perfectly fit with the realm of contrastive learning. We therefore
add a contrastive loss module in our proposed methodology which considers all
the samples within the mini batch, giving a significant performance boost over the
current state-of-the-art methods. Our algorithm is illustrated in Algorithm 3.
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Algorithm 3 Contrastive Co-Transformer
Input: Network f(Θ1) and f(Θ2), t(Θ1) and t(Θ2), g(Θ1) and g(Θ2), learning

rate η, constant λ, epoch number Tmax and max iteration number Imax, batch
size K

For t=1,2,...,Tmax
Shuffle training set D;
For n=1,2,...,Imax do
Fetch mini batch Dn from D;
For k=1,2,...,K do
h1
k = f(xk,Θ1)

h2
k = f(xk,Θ2)

z1
k = g(h1

k,Θ1)
z2
k = g(h2

k,Θ2)
p1
k = t(h1

k,Θ1)
p2
k = t(h2

k,Θ2)
End For
Obtain R samples with smaller loss for D1

n and D2
n. Selection strategy depends

on different baselines.
Obtain Lce on D1

n and D2
n according to 2.10, 2.11.

Obtain Lcon on Dn according to 5.5.
Obtain L = Lce + λLcon

End For
Update f, g, t to minimize loss L (g is updated only if using linear or non-linear
projection head)
End For
Return encoder network f and t.

For multi-class classification containing M classes, a dataset with N samples is
represented as D = {xi,yi}

N
i=1, where xi is the ith instance with its observed label

as yi ∈ {1, ...,M}. We train networks with mini batches of size K.

5.3.1 Transformer Architecture

Based on the conventional Co-Training framework, we formulate the proposed
CCTran approach with two transformer based encoders denoted by f(x,Θ1) and
f(x,Θ2), where Θ1 and Θ2 are the parameters of the underlying transformer
network respectively. One fundamental advantage of our proposed algorithm is that
it is independent of the choice of transformer backbone. Thus, we opt for simplicity
and adopt two commonly used transformer backbones from [53, 91] (Details of
the transformers are shown in Section § 5.4. We use different configurations of
transformers for different datasets, while the configuration of both f(x,Θ1) and
f(x,Θ2) remains the same for each separate dataset.) to obtain features h1

i =
f(xi,Θ1) and h2

i = f(xi,Θ2) where h1
i ,h

2
i ∈ Rd. We denote the prediction

probabilities of xi as p1
i = t(h1

i ,Θ1) and p2
i = t(h2

i ,Θ2) such that p1
i ,p

2
i ∈ RM
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(t is the linear layer.)

5.3.2 Selection Strategy and Classification Loss

Similar to [48, 159, 150], we also employ the cross entropy classification loss based
selection strategy. Before going into details, we first introduce the relationship
between small-loss samples and clean samples. According to [48, 150], there is
a consensus that samples with a smaller loss are more likely clean, while those
samples with larger loss values are more likely to be noisy and corrupted. We obtain
the classification loss of the sample xi for two transformers as shown below:

L1
ce(xi,yi) = −ΣM

m=1yi log(pm
1 (xi)) , L2

ce(xi,yi) = −ΣM
m=1yi log(pm

2 (xi))
(5.1)

We then select R examples according to L1
ce and L2

ce within the mini batch that
produces the R lowest cross entropy losses respectively. Thereafter, for each mini
batch the classification loss that will be back propagated to update f(x,Θ1) and
f(x,Θ2) are:

L1
ce = ΣR

i=1 L1
ce(xi) ∀xi ∈ D1 , L2

ce = ΣR
i=1 L2

ce(xi) ∀xi ∈ D2 (5.2)

where D1 and D2 represent the set of examples that is used to update the parameters
of the network. We follow the work of [48] and two transformers select the R
lowest Lce calculated in Eqn 5.1 for one another. Differently, [150] uses the joint
classification loss to select examples such that D1 = D2.

5.3.3 Contrastive Loss Calculation

We calculate the conventional contrastive loss as used in [128, 57, 154, 15]. A
mini batch of K examples is randomly sampled and we define the contrastive
loss on features extracted from two transformers. That is to say, we have 2K
features. Following the work of [16], for each sample xi (or h1

i ), we consider the
corresponding feature of xi from the other network (i.e. h2

i ) as the positive sample
and the remaining (2K − 2) features as the negative samples. The contrastive loss
for the extracted feature h1

i is defined as below:

Lcon(h
1
i ) = −log

exp(sim(h1
i ,h

2
i )/ϕ)

Σ2K
j=11[j ̸=i]exp(sim(h1

i , cj)/ϕ)
,

cj =

{
h1
k if j mod 2 == 1

h2
k if j mod 2 == 0

, k = floor((j + 1)/2),

(5.3)

where 1[j ̸=i] is an indicator function evaluating to 1 when j ̸= i, ϕ denotes a
temperature parameter which is set to 0.5 for all experiments, and “sim” denotes the
standard cosine similarity measure. Similarly for h2i , the contrastive loss is defined
as

Lcon(h
2
i ) = −log

exp(sim(h2
i ,h

1
i )/ϕ)

Σ2K
j=11[j ̸=2i]exp(sim(h2

i , cj)/ϕ)
. (5.4)
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Thus, the overall contrastive loss for a mini batch is given below:

Lcon = ΣK
i=1[Lcon(h

1
i ) + Lcon(h

2
i )]. (5.5)

5.3.4 Comparison and Application

The final loss of CCT for each transformer is defined as follows:

L1 = L1
ce + λ Lcon , L2 = L2

ce + λ Lcon, (5.6)

where λ is a hyper parameter whose value is fixed to 0.0001 for every experiment.
Our CCTran approach binds the contrastive learning within the noisy learning

setting with the result that all examples in a noisy dataset are utilized, such that none
of the noisy samples are fully discarded during the training phase. While straight-
forward and fast, CCT still obtains superior performance over the baseline Co-Tr
algorithm. The main differences between CCT and a general Co-Tr framework are
as follows:

1. CCTran makes use of transformers to robustly handle label noise.
2. CCTran treats examples in both a supervised and an unsupervised manner.
3. When calculating the contrastive loss, all the other 2K − 1 features are

considered in calculation of the loss (as shown in Eqn 5.3 and 5.4), thereby
utilizing all the samples in the mini batch irrespective of whether they are
labeled as clean or corrupted.

4. By adding the contrastive loss, the regularization between two transformers
increases as it encourages the two extracted features of the same input to be
similar; without any introduction of additional learnable parameters in the
training phase.

It is to be noted that Wei et al. [150] also employed “contrastive loss” in
their proposed method, however there still exist major differences between CCT
and [150]. CCT considers all the samples within the mini batch; while Wei et al.
considers one single input from the two base encoder networks and only similarity
between positive pairs in the calculation of the contrastive loss. That is to say,
for each sample in a mini-batch, CCT’s contrastive loss consists of two parts:
(a) distance between the two features extracted from the same image (which are
minimized); (b) distances between the feature (from one transformer) of the sample
and features (from the other transformer) of all other samples in the mini-batch
(which are maximized). Moreover, Wei et al. [150] selects samples based on
agreement between the two networks while we consider all the samples within the
mini batch in calculation of the contrastive loss irrespective of whether they are
labeled as clean or noisy by the underlying transformer based on the “small-loss”
principle.

Our proposed CCT is easy to integrate into a conventional Co-Tr framework
while boosting its performance. When dealing with a noisy labeled dataset, the
“small-loss” principle is widely used [48, 150, 159]. In different baseline algorithms,
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Table 5.1: Structure of CNN backbone for the toy experiment. The slope of all
LReLU functions in the network are set to 0.01. K denotes the number of training
classes for the dataset used.

#Layer Input Image
1 3× 3 conv, 128 LReLU
2 3× 3 conv, 256 LReLU
3 3× 3 conv, 128 LReLU

avg-pool
4 fc-layer 128 → K

softmax

various sample selection strategies are used (Di in Equation 5.2). In these small-loss
selection strategies, samples with a large cross entropy loss are ignored. However,
by using our CCT framework, one does not only keep the principle of selecting
clean examples but also utilizing all data when calculating and back propagating
the contrastive loss to update the parameters of the underlying networks.

5.4 Experiments

Details of Implementation of Toy Experiment We use the CIFAR10 dataset
with 45% pairflip noise. We use the 3-layer MLP as the backbone of CNN (Refer
to Table 5.1 for the details of its architecture); we use Compact Convolutional
Transformer−2/3× 2 [53] as the backbone for the transformer. We use the Adam
optimizer [67] with the initial learning rate set to 2×10−3, and training is performed
over 50 epochs.

Datasets We verify the effectiveness of our approach on six benchmark datasets:
MNIST [80], CIFAR10 [73], CIFAR100 [73], CUBS200-2011 [145], CARS196
[72] and Clothing1M [155] with different settings. More details about the datasets
can be found in Section 2.4.1.

Network Architecture and Optimizer. We provide the details of the experiments
performed in Section 4 in the chapter. For a fair comparison, we implement all
methods with default parameters using PyTorch. For MNIST, CIFAR10 and CI-
FAR100, we use a Compact Convolutional Transformer-7/3× 2 architecture from
[53] as it is a well-established network architecture for these two datasets and does
not need pre-training. For this architecture, we use the Adam optimizer [67] with
an initial learning rate of 3× 10−4. For the CNN backbone, we use a 9-layer CNN
architecture following [77, 150, 48, 99] as it is a well-established network architec-
ture for weakly-supervised learning (Refer to Table 5.2 for details). For experiments
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Table 5.2: Structure of the network trained using MNIST, CIFAR10 and CIFAR100.
The slope of all LReLU functions in the network are set to 0.01. K denotes the
number of training classes for the dataset used.

#Layer Input Image
1 3× 3 conv, 128 LReLU
2 3× 3 conv, 128 LReLU
3 3× 3 conv, 128 LReLU

2× 2 max-pool, stride 2
dropout, p = 0.25

4 3× 3 conv, 256 LReLU
5 3× 3 conv, 256 LReLU
6 3× 3 conv, 256 LReLU

2× 2 max-pool, stride 2
dropout, p = 0.25

7 3× 3 conv, 512 LReLU
8 3× 3 conv, 256 LReLU
9 3× 3 conv, 128 LReLU

avg-pool
10 fc-layer 128 → K

softmax

on CUBS200-2011 and CARS196 datasets, we use the Inception-V1 [136] network
pre-trained on ImageNet [21] as the CNN backbone; where as we use Swin-L [91]
pre-trained on ImageNet-22K as the transformer backbone for these two datasets.
We use the RMSprop optimizer and the Adam optimizer for the CUBS200-2011 and
CARS196 dataset respectively, each with the initial learning rate set to 1× 10−4.
The total number of epochs for every experiment is set to 200. For the Clothing1M
dataset, we follow the previous work of Xiao et al. [155] and use ResNet-18 [55]
pre-trained on ImageNet [21] as the CNN backbone, and consider the Swin-B [91]
pre-trained on ImageNet-22K as the transformer backbone. Similar to the learning
protocol of [150], we have used the Adam optimizer for both networks with the
learning rate scheduling as follows: 8× 10−4, 5× 10−4 and 5× 10−5 after every
17 epochs of training.

Experimental setup For results shown in Table 5.3, 5.4 and 5.5, we assume the
noise rate τ is known. This is a common assumption in recent studies on label noise
[48, 150, 157]. Please refer to Chapter 2 for more details on transformer structure,
optimizer and learning rate used for different datasets. Details regarding the noise
transition matrices are also provided in Chapter 2.
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Table 5.3: Comparison of our proposed CCT against several baseline algorithms. We
report the average accuracy (%) after 5 runs for CCT. The best and the second best results
are shown in red and blue respectively

noise Dataset F [112] DC [96] MN [64] CT [48] JC[150]
CCT

OURS
pairflip-45% MNIST 0.24 58.03 80.88 87.63 93.3 94.1±0.14

symmetric-80% MNIST 13.35 28.51 66.58 79.73 84.9 85.6±0.11
symmetric-50% MNIST 79.61 81.15 90.05 91.32 95.8 96.2±0.07
symmetric-20% MNIST 98.82 95.70 96.70 97.2 97.5 97.9±0.02

pairflip-45% CIFAR10 6.61 48.80 58.14 72.62 74.4 74.9±0.17
symmetric-80% CIFAR10 15.88 15.31 22.15 26.58 27.8 27.4±0.20
symmetric-50% CIFAR10 59.83 51.49 71.10 74.2 79.4 80.1±0.12
symmetric-20% CIFAR10 84.55 80.44 80.76 82.32 85.7 86.0±0.07

pairflip-45% CIFAR100 1.60 26.05 31.60 34.8 32.2 34.9±0.21
symmetric-80% CIFAR100 2.1 3.89 10.89 15.2 15.5 15.5±0.24
symmetric-50% CIFAR100 41.04 25.80 39.00 41.4 43.5 44.3±0.15
symmetric-20% CIFAR100 61.9 44.52 52.1 54.2 53.0 54.2±0.12

Table 5.4: Comparison of our proposed CCT against several baseline algorithms for large
fine-grained image recognition datasets for a symmetric noise setup with different values
of noise rate τ . We report the average accuracy on the test set (%) after 5 runs for CCT.
CCT runs with a batch size of 64).

CUB200-2011 CARS196

τ CE CT [48] JC [150]
CCT
Ours CE CT [48] JC [150]

CCT
Ours

80% 12.3 15.2 15.9 16.8±0.25 7.1 13.0 14.1 15.2±0.23
50% 43.7 55.6 56.3 57.2±0.18 39.7 67.7 68.3 69.6±0.16
20% 64.9 73.0 73.6 74.6±0.11 72.0 86.1 86 86.5±0.08

5.4.1 Analysis on Different Datasets

MNIST. Rows 1-4 in Table 5.3 report the accuracy on the test set of MNIST [81].
MNIST is a relatively simple dataset compared to the others considered in our
experiments. As observed, in the symmetry case with τ = 20%, which is also
the simplest experimental setup, the performance of every algorithm is similar to
each other. CCT manages to outperform all the other baseline and state-of-the-art
methods, especially when the value of noise rate is high. More specifically, when it
comes to more difficult cases, such as symmetric noise with a τ set to 50% and 80%,
the performances of F-correction (F) [112], Decoupling (DC) [96] and MentorNet
(MN) [64] drop significantly and are not robust to such extreme levels of corruption.
However, Co-Teaching (CT) [48] and JoCoR (JC)[150] work well under all these
noise rates. Co-Teaching [48] is a clean-sample-selection strategy based method
and JoCoR [150] is based on maximizing the agreement between the underlying
homogeneous networks. Among all the experimental conditions for MNIST, our
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CCT achieves the best performance. Especially when the noise setup is 45% pair
flip and 80% symmetric, we beat the next best method JoCoR [150] by 0.8% and
0.7% respectively; which is impressive considering those baselines are well over
90% or 80% in terms of test accuracy respectively.

CIFAR10 Rows 5-8 of Table 5.3 show the results of the state-of-the-art methods
and our CCT on the noisy CIFAR10 [73] dataset. Similar to MNIST, we outperform
the baselines in all the experimental setups except when τ is set to 20%. When τ is
set to 80%, CCT still works well but falls behind JoCoR by a negligible value of
0.4%. However, for all other noise rates, we consistently achieve the best results.
We also observe that F-correction, Decoupling and MentorNet work well when
the noise rate is low. With the increase in the noise rate, the performance of F-
correction drops dramatically. Decoupling and MentorNet still work well but their
performances are not on par with our CCT results.

CIFAR100 The performances of other baseline algorithms and CCT on CI-
FAR100 [73] dataset are presented in Rows 9-12 of Table 5.3. We note that the
performances on CIFAR100 are much lower than MNIST and CIFAR10, as there
are 100 classes in CIFAR100 in comparison to 10 in MNIST and CIFAR10. We
observe that CCT performs better than Co-Teaching and JoCoR (which are relatively
robust compared to others) under all evaluated experimental setups. CCT only loses
to F-correction when the noise rate is symmetric 20%

CUBS200-2011 We show the experimental results on CUBS200-2011 [145] in
Table 5.4. For this dataset, we compare our CCT with three baselines: Cross
Entropy classification (CE)2, Co-Teaching (CT) [48] and JoCoR (JC) [150]. Note
that, CUBS200-2011 is a more difficult dataset compared to MNIST, CIFAR10 and
CIFAR100 as it contains images from 200 fine-grained classes of birds. We observe
that our CCT outperforms all the three baseline algorithms considered across several
different experimental setups, thus demonstrating that CCT is more robust to various
noise conditions against the other methods.

CARS196 Table 5.4 shows results of the performance of CCT on the CARS196 [71]
dataset. Similar to the experimental setup of CUBS200-2011, we compare CCT
against Cross Entropy (CE), Co-Teaching (CT) [48] and JoCoR (JC) [150]. CCT
outperforms all other baseline methods for several experimental setups. Cross
entropy loss fails to perform competitively against the other algorithms when τ is
increased to 50% and 80%. In a less challenging setup (i.e. 20% symmetric noise),
CCT achieves a similar performance as Co-Teaching and JoCoR. However, CCT
outperforms both Co-Teaching and JoCoR when τ is over 50%. More specifically,
when τ is 50%, CCT beats the next best algorithm JoCoR by 1.3%. This is an
impressive difference as 50% noise rate on CARS196 is considered to be a very
challenging setup. A similar conclusion can be drawn with τ = 80%.

2The network is trained with the cross entropy classification loss using corrupted (or noisy) labels.

72



CHAPTER 5. LEARNING FROM NOISY LABELS WITH CONTRASTIVE
CO-TRANSFORMER

Table 5.5: Comparison of our proposed CCT against two different baselines on Clothing1M:
Co-Teaching [48] and JoCoR [150]. Accuracy(%) is reported as the average of 5 runs.

method Co-Teaching [48] JoCoR [150] CCT(OURS)
accuracy 68.5 69.8 72.0

Clothing1M We use the noisy version of the Clothing1M [155]3 and follow the
work of [90, 160] to infer the noise rate by the clean validation set. The batch
size is set to 64. Further, we report the classification accuracy after training for
51 epochs for all methods. As shown in Table 5.5, Our CCT performs better than
Co-Teaching [48] and JoCoR[150]; thus demonstrating the effectiveness of CCT
over Co-Teaching and JoCoR for a real world corrupted label dataset.

Discussion of Contrastive Loss Here, we study the difference in the calculation
of the contrastive loss between JoCoR [150] and CCT. In order to calculate the
contrastive loss of each sample, JoCoR calculates Jensen-Shannon (JS) divergence
between the two softmax outputs of the sample; while only considering (100− τ)%
of the entire samples in the loss calculation step. On the other hand, CCT makes
use of all samples in the mini-batch to calculate contrastive loss for each samples
such that

1. the cosine similarity between the positive samples (outputs of the two net-
works for the anchor4 sample) is maximized, and

2. the cosine similarity between the feature of the anchor sample (output of
one network of the anchor sample) and all other negative features within the
mini-batch is minimized.

5.4.2 Ablation

Robustness of Transformers Against Label Noise As mentioned in Section 1
in the chapter, Figure 5.1 shows the robustness of varying noise settings. For a
fair comparison, we use the CIFAR10 dataset and test on two different noise rates
τ : symmetric 50% and pairflip 45%. The backbone used for Co-teaching is a 9-
convolution layer (CCN9) network which is commonly used for Co-Tr frameworks
[48, 150, 115]. In order to show the robustness of transformers against label noise,
we only swap the backbone from CCN9 to transformer [53] (without adding any
contrastive loss module or other strategies such as [150, 157]). More details of the
CCN9 and the transformer are provided in the supplementary material. As observed
from the test accuracy curve, the test accuracy of CCT increases at a slower rate than
the Co-teaching baseline. However, soon after 10 epochs of training, Co-teaching
overfits to label noise and its accuracy decreases drastically. Further, as the training
progresses, CCT outperforms Co-teaching.

3We have used the already noise corrupted version of the Clothing1M dataset in our experiments.
4The sample considered for calculating the loss is referred to as the anchor sample.
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Table 5.6: Evaluation of our proposed method CCT with different values of temper-
ature which is shown in Eqn 3 on different datasets.

noise Dataset CCT
(0.3)

CCT
(0.5)

CCT
(0.7)

CCT
(0.9)

pairflip-45% MNIST 93.2 94.1 92.1 91.1
symmetric-80% MNIST 84.3 85.6 83.6 81.1
symmetric-50% MNIST 94.5 96.2 95.4 92.1
symmetric-20% MNIST 95.8 97.9 95.4 93.2

pairflip-45% CIFAR10 72.7 74.9 73.1 70.4
symmetric-80% CIFAR10 25.8 27.4 25.4 24.1
symmetric-50% CIFAR10 77.9 79.9 78.2 76.1
symmetric-20% CIFAR10 85.6 86.0 84.3 82.6

pairflip-45% CIFAR100 34.2 34.9 33.9 32.7
symmetric-80% CIFAR100 13.4 15.5 13.6 12.7
symmetric-50% CIFAR100 44.0 44.3 43.6 40.8
symmetric-20% CIFAR100 52.5 54.2 53.1 52.7

Study on Temperature The temperature plays a role in controlling the strength
of penalties on the negative samples. Specifically, contrastive loss with small
temperature tends to penalize much more on the negative samples [147]. In all the
experiments considered so far, the value of the temperature parameter ϕ in Eqn 3 is
set to 0.5. Here we study the overall effect of ϕ in the calculation of the contrastive
loss as shown in Eqn 3. Results are shown in Table 5.6. Our contrastive loss module
is relatively non-sensitive to temperature value. The best performances are always
achieved by 0.5; when the temperature is set to 0.9, the performance drops more.

Batch Size Contrastive learning benefits from a large batch size [15, 154, 54].
Table 5.7 shows the results of varying the training batch size K from 128 to 1024.
It illustrates that CCT benefits from a large batch size. Even with the same batch
size as other baselines (i.e. 128), our CCT achieves a similar or better performance
as compared to the state-of-the-art methods. For example, with an 80% corrupted
CIFAR10 dataset, CCT with a 128 batch size falls behind JoCoR by 0.1%. When
it comes to a batch size of 1024, CCT achieves a 32.6% accuracy on the test set
which beats the next best JoCoR [150] by 4.8%. We conjecture that this is because
the contrastive loss benefits from a large batch size; as a batch size of K will give
us 2K − 2 negative samples. This indeed will increase the robustness of sample
selection strategy while identifying the clean and noisy samples based on the loss
values. We also noticed that gain with larger batch size varies for different settings.
As an example, on the CIFAR10 dataset, when noise rate is 20% symmetric, the test
accuracy increases from 82.4% to 84.8% as the batch size is increased from 128
to 1024. For 80% symmetric noise, test accuracy increases from 27.7% to 32.6%
on the CIFAR10 dataset as the batch size is increased from 128 to 1024; which is
admirable due to complex noisy conditions. But for CIFAR100, increasing batch
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Table 5.7: Evaluation of our proposed method CCT for different values of training
batch size (i.e. 128, 256, 512 and 1024).

noise Dataset CCT
(128)

CCT
(256)

CCT
(512)

CCT
(1024)

pairflip-45% MNIST 92.3 93.5 94.4 95.9
symmetric-80% MNIST 83.2 85.3 91.1 93.2
symmetric-50% MNIST 95.2 95.4 95.8 96.2
symmetric-20% MNIST 97.9 98.2 98.5 98.9

pairflip-45% CIFAR10 73.4 73.8 74.6 75.2
symmetric-80% CIFAR10 27.7 29.1 31.4 32.6
symmetric-50% CIFAR10 77.8 78.6 79.2 79.9
symmetric-20% CIFAR10 82.4 83.1 83.9 84.8

pairflip-45% CIFAR100 33.6 33.9 34.4 34.9
symmetric-80% CIFAR100 15.3 15.4 15.5 15.5
symmetric-50% CIFAR100 41.4 42.5 43.1 44.3
symmetric-20% CIFAR100 54.5 55.5 56.0 56.2

size does not help much when noise rate is 80%.

Discussion of different projection head In this section, we study the importance
of including the projection head g(Θ) in our proposed CCT. Table 5.8 shows
evaluation results using three different architectures for the projection head: identity
mapping; nonlinear projection and linear projection. For nonlinear projection,
following the work of [4], we apply a Multi Layer Perceptron (MLP) with one
additional hidden layer followed by a ReLU activation. We set the batch size to
128 and the noise rate to τ = 50% and perform experiments on the CIFAR10
dataset. The dimension of the hidden layer in the non-linear projection head and
output dimension of the linear projection head is set to 2d. In our experiments, we
observe that the identity mapping outperforms non-linear projection and obtains
comparable performance against linear projection. We conjecture that both the
linear and identity mapping keeps more information than the non-linear projection.
[128, 4] suggested that MLP is a better choice when applying contrastive loss.
However, when dealing with noisy labels, we may lose information due to the
hidden layers. We believe that might be the reason as to why a non-linear projection
does not perform well compared to the other two projections. More experiments of
using different projection heads are shown in Supplementary material.

Different values of λ: In the experiments performed in Table 5.3, 5.4, 5.8, we
have set the value of λ in Eqn. 5.6 to 0.001. Table 5.9 shows that the CCT approach
is relatively robust to the value of λ. We believe that one can get even better results
by further tuning the value of λ.

How do we balance between filtering noisy labels and utilizing the data? As
discussed in Chapters 3-5, there is actually a wealth of useful information in the
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Table 5.8: Classification Accuracy (%) for different types of projection head: linear
projection, non-linear projection and identity projection.

noise linear non-linear identity
symmetric-80% 27.5 26.4 27.7
symmetric-50% 77.2 75.5 77.8
symmetric-20% 82.4 80.5 82.4

Table 5.9: Classification Accuracy (%) for different values of λ which is shown in
Eqn 5.6. λ is a hyper-parameter that controls the balance between the classification
loss and the contrastive loss in the total loss function.

noise 0.01 0.001 0.0001

symmetric-80% 25.3 27.7 26.8
symmetric-50% 74.9 77.8 75.8
symmetric-20% 81.8 82.4 82.3

images even if their labels are completely incorrect. Our approach is that if a
label is deemed highly unreliable—based on the confidence score from the model’s
output—we discard the label but keep the image as unlabeled data. This is the key
application demonstrated in Chapter 5, which also forms the core idea of contrastive
learning (unsupervised learning). For images with confident labels, we retain the
labels and proceed with standard supervised learning.

However, the challenge lies in determining the confidence threshold, which is
a critical factor. In our experiments, we tested different confidence levels across
various datasets. While the optimal confidence threshold varied slightly to achieve
the best results, we observed that these values generally fell within a small range.
This suggests there is a common confidence level suitable for datasets with similar
noise levels. Moreover, the optimal confidence level appears to correlate with the
noise rate; for example, if the noise rate is around 40%, the best confidence level is
also roughly 40%.

This insight provides a practical guideline; when applying our method to new
datasets, one can estimate the confidence threshold based on the known or expected
noise level. Nevertheless, for optimal performance, we recommend tuning this
hyper-parameter through additional experiments.

5.5 Summary

In this chapter, we presented a straightforward, novel and yet a powerful framework,
Contrastive Co-Transformer (CCTran), which was designed to learn from data
with noisy labels. The key motivational idea was to combine contrastive learning
with transformers in order to identify clean and noisy labels. Unlike previous
methods that only propagate the gradients based on samples identified as clean,
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CCTran makes use of the entire mini batch of samples using an unsupervised con-
trastive learning module. Our empirical results on MNIST, CIFAR10, CIFAR100,
CUBS200-2011, CARS196 and Clothing1M showed that CCTran performs well
across different complex and very challenging noisy experimental setups. In the
future, we aim to integrate and study the effect of several optimal transport based
loss functions such as Wasserstein distance, Maximum Mean Discrepancy etc. in
the learning framework of CCTran.

In Chapters 3, 4, and 5, we have explored learning from noisy labels using the co-
training framework with three different approaches: Maximum Mean Discrepancy
(MMD), Sinkhorn Divergence, and Transformers, respectively. Each method has
demonstrated its effectiveness in enhancing model robustness against noisy labels.
In the next chapter, we will shift our focus to how Sinkhorn divergence could be
used for metric learning problem, where we will investigate its performance under
both noisy and clean data conditions. By addressing noise in metric learning, we
aim to further advance the reliability and generalization using Sinkhorn divergence.
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Chapter 6

Learning Deep Optimal
Embeddings with Sinkhorn
Divergences

In the previous chapter, we extensively explored learning from noisy labels, leverag-
ing the strengths of Sinkhorn Divergence to enhance model robustness and accuracy.
Building on these insights, this chapter applies the knowledge gained from Sinkhorn
Divergence to the domain of metric learning. We will investigate its effectiveness
on both noisy and clean datasets, aiming to improve representation learning and
similarity measurement while maintaining robustness against label noise.

6.1 Introduction

Deep Metric Learning algorithms aim to learn an embedding space that preserves
similarity relationships. However, they often neglect class-wise similarity con-
straints, leading to sub-optimal metrics, and are rarely tested with noisy labels. To
address this, we propose Deep Class-wise Discrepancy Loss (DCDL), which seg-
regates similarity distributions between classes. Experiments on multiple datasets
show that incorporating class-wise relationships improves embedding space dis-
crimination, even with noisy labels.

Existing metric learning algorithms overlook class-wise similarity and dissimi-
larity, leading to sub-optimal embedding spaces. To address this, we propose Deep
Class-wise Discrepancy Loss (DCDL), which separates class-wise probability distri-
butions using Maximum Mean Discrepancy and Wasserstein Distance. Experiments
across five datasets demonstrate that DCDL learns a more discriminative embedding
space compared to baseline algorithms. Notably, DCDL remains robust against
noisy labels, effectively managing inter-class and intra-class variances to enhance
embedding space discrimination.

In this chapter, we address the issue of learning an efficient, effective and
discriminative non-linear embedding space that results in compact class-specific
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clusters of the embedded points. Towards this aim, we propose and develop a novel
loss function that comprehensively incorporates class-wise similarity attributes of
the embedded points to simultaneously minimize and maximize the intra-class and
inter-class variances respectively.

Irrespective of their immense successes recently, these local deep metric learn-
ing algorithms suffer from two serious drawbacks. First, they only incorporate and
maintain local geometrical or statistical constraints in their respective algorithms;
thereby failing to integrate any comprehensive geometrical or statistical characteris-
tics of the embedding space. Second, these algorithms [142, 76] do not encapsulate
class-wise similarity/distance relationships between the embedded points, thereby
failing to learn a superior discriminative embedding space to enforce the intra-class
and inter-class separation constraints. A majority of the aforementioned algorithms
explicitly consider class information by either pre-training [124, 130, 79, 148] or
simultaneously training [30, 143] the network with partially global cross entropy
loss. This subtle, yet important practice aims to assist the network in finding a
superior starting point in the loss landscape [82] such that an optimal solution can
be attained within a minimal number of descent steps. Moreover, Horiguchi et
al. [59] also successfully demonstrated the need of employing a softmax function
along with learning a discriminative metric. Even though cross-entropy loss is
able to obtain class separating sub-spaces; it cannot guarantee that the resultant
embedding points will be tightly knit within each of the sub-spaces. Generative
modeling based algorithms [87, 169] attempt to comprehensively encompass the
entire embedding space by generating hard negatives [124] for every embedded
point. However, such generation also limits their applicability as these hard nega-
tives need to be within the ϵ neighbourhood of the anchor; thus limiting their overall
outreach in the embedding space. Distribution based statistical methods [142, 76]
fail to consider such class-wise relationships and enforce a weak disparity measure
between the pairwise distributions; thereby limiting their capacity to form well
separated class-wise clusters.

Keeping these drawbacks in mind, we propose and design a novel loss function
known as Deep Class-wise Discrepancy Loss (DCDL) which takes into account
the class-wise similarity relationships between the embedded points. Specifically,
we compute the probability distributions of the embeddings that belong as well
as do not belong to a particular class (thus class-wise) and enforce a discrepancy
constraint between the two distributions and push them away from each other
with the aim to increase/decrease the intra/inter class similarities in the embed-
ding space simultaneously. Unlike the algorithms mentioned before that do not
contemplate such similarity constraints in their loss functions; DCDL attempts to
cluster the class-wise embeddings within certain specific regions of the embedding
space. Thus, DCDL learns to maximize the separation between the embedded
points belonging to each and every distinct class while preserving their class-wise
relationships. Towards achieving this objective, we employ Optimal Transport [38]
based Sinkhorn Divergences [20] to enforce discrepancy constraints between the
probability distributions of the class-wise embeddings.
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The major contributions are as follows:

1. A novel loss function that exploits the class-wise pairwise similarity relation-
ships to learn a discriminative embedding space.

2. An augmentation to the conventional local metric learning loss functions to
learn and enforce similarity constraints in the presence and absence of noisy
labels.

3. We further show that the proposed loss function can be combined with the
cross-entropy loss to further boost the overall performance of the network.

We evaluate our proposed loss function DCDL on the Cifar-10 [73], Cifar-
100 [73] and STL-10 [17] datasets in the presence and absence of noisy labels. We
also evaluate DCDL on Caltech-UCSD Birds (CUBS-200-2011) [145] and Stanford
Cars (CARS196) [71] datasets in the Deep Metric Embedding Learning (DMEL)
framework in both the noisy and clean labels settings. Our empirical evaluations
of DCDL outperform the local deep-metric learning algorithms in both noisy and
clean label settings across the various datasets; which undoubtedly demonstrate the
generic need of exploiting and learning such class-wise discrepancy constraints in
order to learn an effective and discriminative embedding metric space.
Notation: Throughout this chapter, we use bold lower-case letters (e.g., x) and bold
upper-case letters (e.g., X) to represent column vectors and matrices respectively.
[x]i denote the ith element of the vector x. In represents the n× n identity matrix.

∥X∥F =
√
Tr(X⊤X) denote the Frobenius norm of the matrix X , with Tr(·)

indicating the trace of the matrix X . ω(r) represents a diagonal matrix with
diagonal elements as r. X⊤ denotes the transpose of X . U and V represent
two distinct probability distributions on the metric space M. {ui}ni=1 and {vj}mj=1

denote n and m i.i.d samples (or support points) drawn from U and V respectively.

6.2 Related Work

In this section we provide a brief overview of the several baseline Deep Metric
Learning algorithms which have been developed in the recent past.
Metric Learning In general, metric learning algorithms aim to learn a parametric-
functional representation of a distance metric M ⪰ 0 [151] to obtain distinct and
compact clusters in the embedding space. Traditional algorithms either attempt
to learn the feature extractors or M separately, thus neglecting the need for learn-
ing both holistically. Interested readers are referred to [7, 74] for more detailed
insights into such algorithms. Deep Learning algorithms, boosted by their recent
remarkable success across a variety of research areas in computer vision and ma-
chine learning, have been proposed to overcome these limitations of the traditional
algorithms. These algorithms can be broadly categorized into (a) Structure based
methods [124, 130, 79, 148, 119] which preserve the local structure of the learnt
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embedding space, (b) Sampling based methods [129, 152, 26] to efficiently sample
informative samples, (c) Statistical based methods [142, 76, 118] and (d) Gen-
erative modeling based methods [87, 27, 169] to explicitly model the intra-class
variances and reduce the inter-class variances. These algorithms have been success-
fully employed across a variety of well-established computer vision applications
such as person re-identification [30, 143], zero/few shot learning [58, 107, 70, 141],
object tracking [138, 8], image retrieval [129, 130, 44] to name a few.
Structure based methods: The seminal work in DML was undertaken by Schroff
et al. [124]; where they proposed a semi-hard triplet mining algorithm which
guarantees that for a given anchor (za), its closest negative (z−) is further away
from the positive (z+). Similar constraints in the angle formed at z− within a
triplet in the embedding space was proposed by Wang et al. [148]. Hierarchical
Triplet loss proposed by Weifeng et al. [36] constructed a class-level tree and
dynamically learnt a margin such that the semi-hard triplet mining criterion is
fulfilled. Song et al. [130] proposed a structured prediction loss to enforce global
geometrical constraints in the embedding space to prevent outlier clusters. Roy et
al. [119] imposed rotation-invariant orthogonality constraints in the embedding
space to truncate the search space for learning an efficient metric. Law et al. [79]
exploited spectral clustering concepts to obtain tight but well separated clusters in
the embedding space. Sanakoyeu et al. [123] splits the embedding space into P
consecutive parts; and learnt a local discriminative loss over each of the individual
parts with the aim to learn distinct and disjoint features in each of them. SoftTriple
loss [114] additionally models and learns multiple clusters per class as an additional
layer and is trained with a smoothened version of the triplet loss.
Sampling based methods: The objective of these algorithms is to learn efficient
sampling strategies with the aim to mine important and informative samples. Lifted-
Structure proposed by Song et al. [107] constructs a mini-batch of samples by
subsequent addition of importance-sampled hard negatives. Sohn [129] proposed
a multi-class NPairs loss by utilizing all the negatives for every anchor point za.
They also proposed an efficient batch construction scheme that uses all the available
negative pairs in order to form the informative triplets. Wu et al. [152] clearly
demonstrated the importance of a steady sampling function to mine informative
negative samples to reduce noisy back-propagated gradients.
Statistical based methods aim to model (parametric or non-parametric) the statisti-
cal distributions in the embedding space. Histogram loss [142] enforces an overlap
constraint minimizing the overlap between the histograms of the cosine similarities
for the positive and the negative pairs respectively. Kumar et al. [76] formulates the
pairwise distances between the matching and non-matching pairs as two different
Gaussians; and propose the Distribution loss to reduce the overlap between them.
Roth et al. [118] learnt an auxiliary encoder to reduce the intra-class variances while
separating the intra-class means of the class-wise embedding points.
Generative modeling based methods: Deep Adversarial Metric Learning [27]
learns a Generative Adversarial Network [42] to generate hard negatives to enable
efficient learning of the discriminative embedding space. Lin et al. [87] proposed
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Deep Variational Metric Learning that makes use of variational inference to gen-
erate robust discriminative samples to reduce the intra-class variances. Zheng et
al. [169] proposed to control the hardness level of the generated negatives by linear
interpolation over the entire embedding space, thereby resulting in well spread out
clusters of the embedding samples.

Remark 1 It is to be noted that none of the above mentioned algorithms compre-
hensively model class-wise similarity relationships while learning the embedding
space. Thus, it seems that the embedding points are neither tightly knit nor well
spread over the entire embedding space. Unlike these algorithms, DCDL learns
class-wise distributions belonging to each and every distinct class and maximizes the
separation between them to group the class-wise embeddings within certain specific
regions of the embedding space while retaining their class-wise relationships.

Remark 2 Statistical based methods learn a discriminative embedding by enforcing
similarity (or dissimilarity) constraints on the probability distributions of all the
positive and negative pairs within the dataset. However, as before, these methods
do not consider class-wise similarity/dissimilarity constraints between the positive
and the negatives pairs for each individual class within the dataset. Moreover, they
enforce a weak discrepancy measure to reduce the overlap between the probability
distributions and hence are not able to decrease (increase) intra-class (inter-class)
variances within the dataset, thus obtaining a sub-optimal embedding space. On
the other hand, DCDL considers the class-wise samples within each mini-batch to
calculate such class-wise probability distributions. Thus, apart from maintaining
class-wise relationships, DCDL also employs the well-known Optimal Transport
probability diversity measures as a discrepancy function to reduce the overlap
between these distributions in order to increase the inter-class variances within the
embedding space. Moreover, we also add a local metric learning loss function to
DCDL in order to reduce the intra-class variances within each of the probability
distributions (Refer to Eqn. (6.6) in Section § 6.3) Further, the statistical methods
mentioned above are highly sensitive to their respective parameters (such as number
of histograms bins in [142], dimensionality of the encoder in [118] etc.) which are
used to empirically estimate the probability distributions; while Optimal Transport
is less sensitive to its corresponding hyper-parameters [20].

6.3 Methodology

Estimating the parameters (i.e. θ ∈ Θ) of probability density functions chosen
from a family of parametric distributions pΘ in order to fit the observed data
in the best possible and meaningful way is the fundamental approach in several
machine learning algorithms. One such popular algorithm is Maximum Likelihood
Estimation (MLE) [33]; which aims to obtain the optimal parameters i.e. θ∗ that
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Figure 6.1: A schematic diagram of our proposed algorithm DCDL is shown here.

maximizes the likelihood of the observed data as shown below:

θ∗ := max
θ∈Θ

1

N

N∑
i=1

ln pθ(Xi) , (6.1)

where {Xi}Ni=1 denote the N observed data samples. Though highly popular and
successful, MLE fails in those instances where the density of the desired distribution
is singular on the observation space. One such example being generative modeling
algorithms such as Generative Adversarial Networks (GANs) [42]; Variational
Auto-Encoders (VAEs) [68] which rely on a sampling mechanism to map a low di-
mensional random vector to a high dimensional space. Nonetheless, GANs attempt
to overcome this limitation by utilizing classification accuracy as a proxy for similar-
ity between two parameterized distributions; whereas VAEs use Kullback–Leibler
divergence (KL) [75] to reduce the distance between two parametric distributions.
However, such practices fail to consider and respect the underlying geometry of
the observation space. Therefore, GANs suffer from mode collapse and vanishing
gradients [133]; whereas VAEs fail to provide any meaningful representation due to
mismatch between two non-overlapping distributions.

Let Xi represent an image within the image space X ⊂ RH×W×C. H,W and
C denote the number of rows, columns and channels of Xi respectively. The
corresponding label of Xi in the label space Y ∈ {1, 2, ...,K} is represented by
yi, where K denotes the total number of classes in X . The mini-batch B of size
NB is represented as

{(
Xi,yi

)}NB

i=1
. In order to avoid any degenerate solutions,

we ensure that there are at least r samples belonging to each class within every
mini-batch. A Deep Neural Network with its learnable parameters Θ is represented
as FΘ, and learns a generic non-linear mapping from X onto a latent feature space
Z ∈ Rn; i.e. zi = FΘ(Xi). Moreover, the images belonging to a particular class
label k ∈ Y are denoted as [X]k = {Xi | yi = k}. Furthermore, the ℓ2 norm of
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every embedded point is constrained to be 1 (i.e. ∥zi∥2 = 1 ∀i = 1 · · ·N ). The
aim of any deep embedding learning algorithm is to learn Θ such that the resulting
embeddings have lower (higher) intra (inter) class variances respectively.
In the recent past, most deep learning approaches either (i) design a new objective
function in the embedding space [130, 79, 152], (ii) design efficient batch sampling
techniques [107, 129], or (iii) use generative models [87, 27, 169] to simultaneously
decrease and increase intra-class and inter-class variances. Our algorithm falls in
the first category where we design a novel, yet effective loss function that aims to
decrease the overlap between the pairwise similarity distributions of the positive
and the negative pairs for every class within the mini-batch.

Proposed Approach

We pass the input images Xi through the DNN to obtain their embedding points
zi. For a particular class label k ∈ Y , we obtain two different sets of features
embeddings [Z]+k and [Z]−k as shown below:

[Z]+k = {zi | yi = k} [Z]−k = {zi | ∀ yi & yi ̸= k} (6.2)

[Z]+k and [Z]−k denote the embeddings that are class-specific and class-distinct for
a particular class k. The overall DCDL loss is given as follows:

Lφ = −
K∑

k=1

Lk where Lk = φ
(
[Z]+k , [Z]−k

)
, (6.3)

where φ denotes the probability discrepancy calculated using MMD with Laplacian
or Gaussian kernels.

An overall schematic of DCDL (i.e. Lφ) is shown in Fig. 6.1, where DNN
denotes a Deep Neural Network with learnable parameters Θ. As an illustration,
we have shown only 3 classes in the input images and each have been assigned a
different color, i.e. red, blue and green respectively. Black Double arrows repre-
sent the main notion of DCDL; i.e. to enforce and increase the distance between
the probability distributions of the class-wise embeddings for every single class
(Eqn. (6.2)).
Compact Class-wise Distributions: Lφ enforces a disparity constraint between
the class-wise distributions, thereby ensuring that these class-wise distributions are
well spread in the embedding space. However, it is to be noted that the class-wise
distributions are non-parametric and are not explicitly modeled by Lφ. Hence it
becomes difficult to make such class-wise distributions dense and compact. Thus,
along with Lφ, we have incorporated several well-studied local loss functions (a)
Triplet loss LTrip [124], (b) NPairs loss LNP [129], (c) Angular loss LAng [148] and
(d) LAng NP [148]; to reduce the variances of each of the class-wise distribution so
as to obtain tightly knit and well separated class-wise clusters. The various local
loss functions used are defined below:
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LTrip =
1

|P |

|P |∑
m=1

[∥∥Za
m−Z+

m

∥∥2−∥∥Za
m−Z−

m

∥∥2+τ
]
+
,

LNP =
1

N

∑
Za∈B

{
log

[
1 +

∑
Zn∈B

yn ̸=ya,yp

exp(Za⊤Z− −Za⊤Z+)
]}

,

LAng =
1

N

∑
Za∈B

{
log

[
1 +

∑
Z−∈B

y− ̸=ya,y+

exp
(
4 tan2α(Za +Z+)⊤Z−

− 2 (1 + tan2α)Za⊤Z+
)]}

,

(6.4)

where (i) [y]+ = max(0, y) is the hinge loss, (ii) τ > 0 is a user-specified margin,
(iii) |P | represents the number of triplets of the form (Za,Z+,Z−) such that
yn ̸= ya and ya = yp, (iv) α is a predefined parameter constraining the angle
formed at Z− by the triplet (Za,Z+,Z−) and (v) B denotes the batch of the
samples. Additionally, as per the suggestion in [148], we also train our model with
a combination of LNP and LAng as shown below:

LAng NP = LNP + λAng LAng , (6.5)

where λAng is set to 2 in our experiments.
Training Loss: As observed, the aforementioned local loss functions enforce
local constraints in their respective formulation and fail to enforce the dissimilarity
constraints in learning a discriminative embedding space. Therefore, we augment
these loss functions with Lφ so as to holistically integrate these constraints in terms
of a class-wise discrepancy measure within the mini-batch B. The final training loss
is defined as follows:

LTrain = LLocal + λ Lφ, (6.6)

where LLocal is either LTrip, LNP, LAng or LAng NP corresponding to Triplet,
NPairs, Angular and the combination of NPairs and Angular loss respectively1.

6.4 Experiments

Implementation Details

We implemented DCDL in PyTorch [111]. We used VGG-9 [82] as the backbone
network with a fully-connected, embedding layer at the end. We randomly ini-
tialize (U [0, 1])) all the layers in the network. The dimension of the embedding
layer is fixed to 64. A dropout layer with a dropout rate of 0.1 is added before the
embedding layer. When LLocal=LTrip, we ensure that there are at least 10 data
samples from every class; thereby resulting in a mini-batch of 100 for the Cifar-10

1Similar to LTrain, [87] also make use of a combination of various metric loss functions along
with KL divergence loss to learn well separated but compact clusters
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and STL-10 datasets, and 200 for the Cifar-100 dataset respectively. Likewise,
when LLocal= {LNP,LAng,LAng NP}, we guarantee that there are at-least 2 data
samples from every class within a mini-batch. This leads to a mini-batch of size 20
for the Cifar-10 and STL-10 datasets, and 40 for the Cifar-100 dataset respectively
for these loss functions. We have not used any data augmentation techniques for
the train and test sets across all the datasets2. In our empirical evaluations with
LNP, we have observed that the Stochastic Gradient Descent (SGD) optimizer with
Momentum attained the best accuracy on the test set in the Cifar-10 dataset; whereas
for the others we have used the Adam [67] optimizer to fine-tune the parameters
of the network. The initial learning rate for the Adam and the SGD optimizer is
set to 5×10−4 and 1×10−2 respectively. We decay the learning rate by a factor
of 0.1 after every 50 epochs. We compare and evaluate our proposed algorithm
(i.e. DCDL) against several baseline algorithms, namely (i) Trip [124], (ii) NPairs
(NP) [129], (iii) Angular (Ang) [148] and (iv) Angular-Npairs (Ang NP) [148]. In
all of our experiments, we train our models for 100 epochs with LTrain as defined in
Eqn. (6.3). Further, we evaluate the discriminative ability of an embedding space
by learning a linear classifier on the embeddings of the training set and report the
classification accuracy on the test set. We set the value of ϵ to 2.5×10−3 [32] for
experiments with LW for Sinkhorn divergence. Further, we set the value of (a) τ
in LTrip to 0.5, (b) α in LAng and LAng NP to 30° and 45°, respectively. We report
the best results (i.e. the classification accuracy in % on the test set) obtained for
all the hyper-parameter settings after training the models for 100 epochs for all the
datasets across different experimental settings (i.e. Table 6.1 to Table 6.8).

6.4.1 Analysis of Coarse-Grained Datasets

Notation: While reporting the quantitative results, we have used the following
notation to avoid any confusion. We represent the calculation of Lφ with Laplacian
and Gaussian kernels for MMD as LL and LG respectively; with the value of σ
fixed to 0.05 across all the experiments [51]. Similarly, LW denotes the calculation
of Lφ with Wp

ϵ (U ,V) such that p=2 and Dp(u,v)= 1
2 ∥u− v∥22).

We report the test accuracy for two primary experimental setups; (a) clean
labels; where the ground truth labels are not corrupted manually by any noise-
transition matrix, and (b) noisy labels; where we artificially corrupt the ground truth
labels of the training set across all the datasets, while the test labels are unaltered.
The transition of labels is parameterized by δ ∈ [0, 1] such that the probability of
the true and the noisy class labels are δ and 1− δ respectively. Noisy labels can be
further categorized as follows:

• Symmetric (Sym) Noise: Similar to [83], in this experimental setup we
corrupt the ground truth train labels with a random one-hot vector with a
probability of 1− δ. An exemplar noise transition matrix for the symmetric

2The training and test images of STL-10 are resized to 32× 32× 3.
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2 1− δ δ 1− δ
3 δ
4 δ

(a)

0 1 2 3 4
0 δ 1-δ
1 δ 1-δ
2 δ 1-δ
3 δ 1-δ
4 1-δ δ

(b) (c)

Figure 6.2: Exemplar Noise Transition matrix for 5 classes for (a) Symmetric and
(b) Asymmetric Noise. δ denotes the percentage of noise for both settings. (c)
Transition class pairs for Asymmetric noise.

noise is shown in Fig. 6.2 (a). We evaluate DCDL for two values of δ, i.e.,
{0.1, 0.3} for each of the three datasets.

• Asymmetric (Asym) Noise: Asymmetric noise takes into account realistic
real life mistakes, thus confusing similar classes within the dataset. Similar
to the asymmetric noise protocol of [83], we also create the following class
transition pairs for the Cifar-10 and STL-10 datasets3; (i) TRUCK → AUTO-
MOBILE, (ii) BIRD → AIRPLANE, (iii) DEER → HORSE and (iv) CAT ↔
DOG. An exemplar noise transition matrix for the asymmetric noise is shown
in Fig. 6.2 (b). The value of δ is set to {0.1, 0.2} in our experiments for this
setting.

Table 6.1: Importance of LL, LG and LW (final training loss Eqn. (6.6)) in clean
and noisy labels settings with different datasets Cifar10 and STL-10.

Clean Symmetric Asymmetric
Dataset Method δ=0.0 δ=0.1 δ=0.3 δ=0.1 δ=0.2

S-10
LL 42.8 40.5 33.6 41.0 40.3
LG 42.9 39.6 33.5 41.3 40.7
LW 47.2 46.2 44.6 46.4 45.5

C-10
LL 78.2 74.4 52.4 71.5 69.5
LG 78.0 73.5 52.7 71.5 69.3
LW 80.7 77.1 55.0 74.3 71.6

6.4.2 Ablation

Importance of LL, LG and LW : We first begin by providing a detailed insight
into the effectiveness of using MMD with Laplacian and Gaussian kernels, as well

3We do not evaluate on the Cifar-100 dataset for the Asymmetric Noise setting.
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Table 6.2: Classification results obtained from different values of λ in the clean
labels setting for S-10 dataset in the clean labels setting.

λ 0.0 0.01 0.1 0.2 0.5 0.7 1.0 5.0

LTrip
+LL

59.9
59.4 60.9 61.6 61.2 61.6 60.8 58.5

+LW 64.1 63.8 66.1 66.1 65.8 65.3 63.6

LNP
+LL

44.8
42.7 45.7 45.4 43.4 43.1 42.9 41.9

+LW 46.9 48.5 49.7 49.8 49.4 48.3 45.5

as the Wasserstein Distance in enforcing a class-wise discrepancy loss in both the
clean and the noisy labels experimental setups. Specifically, we train our models
with LTrain=Lφ; where Lφ=

{
LL,LG,LW}

by discarding LLocal from Eqn. (6.6)
and setting the value of λ to 1.0. The results for STL-10 and Cifar-10 datasets are
reported in Table 6.1. It is observed that across all the settings; the Wasserstein
Distance based discrepancy measure (i.e. LW ) outperforms MMD based LL and
LG in terms of classification accuracy, thus being able to exploit the underlying
geometry to a better extent over MMD, as, unlike Wasserstein distances, the norm
of MMD scales up as the batch size is increased with a low sample complexity [32].
Moreover, MMD generally seems to suffer from the drawback of vanishing gradient,
while such difficulty rarely occurs in learning with Wasserstein distances [113]..
Empirically, it is also observed in the majority of the cases that LL obtains similar or
outperforms LG across both the datasets. Thus, from here onwards we only report
the results of MMD with the Laplacian kernel (i.e. LL).
Importance of λ: Table 6.2 shows the classification results obtained for various
values of λ on STL-10 dataset in the clean labels setting. The optimal value of λ
is 0.2 and 0.5 for LL and LW respectively; which have been chosen to report the
results in the subsequent sections. One can observe that the classification accuracy
increases when λ is increased from 0.01 with the optimum accuracy being attained
at their respective chosen values of λ. Thereafter it drops when λ is increased
beyond 1.0. One can also see improvements over LTrip and LNP (especially for
LW ) even when the value λ is outside its optimal range. There also exists a large
performance between LTrip and LNP for λ=0. One plausible explanation is that LNP

considers all the negative samples for a given pair of anchor and positive sample
in calculating LNP (Refer to Section § 6.3 for more details regarding LNP). As a
result, some of these negative samples might be detrimental to the optimization
procedure as they might be too difficult to separate given the anchor-positive pair.
Further, LNP can form only one fixed positive pair per anchor sample within the
mini-batch, thereby resulting in less variability in the positive pair of samples so as
to overcome the adverse effects caused by the presence of large number of negative
samples within the training batch. On the other hand, LTrip enforces semi-hard
triplet mining to select the most informative triplets in training the model; thereby
outperforming LNP by a significant margin.
Embedding Size: We have performed experiments with different dimensions of the
embedding space on the STL-10 dataset with LLocal set to LTrip in the clean labels
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setting. When trained with LL, we obtain 61.1%, 61.6%, 61.7% and 60.5% accuracy
for 32, 64, 128 and 256 dimensional embedding space respectively. Similarly for
LW , we observed 64.2%, 66.1%, 64.7% and 64.3% accuracy respectively. This
verifies that a 64 dimensional embedding space obtains superior results for LW ,
while achieving competitive performance against a 128 dimensional embedding
space for LL. We have therefore set the dimensionality of the embedding space to
64 for all the datasets in the forthcoming sections.
More samples per class: We have also conducted experiments with 1000 samples
for STL-10 dataset (i.e. 100 samples per class) and obtained 63.7% accuracy on its
test set against 66.1% when trained with 100 samples (i.e. 10 samples per class) per
mini-batch respectively with LLocal set to LTrip in the clean labels setting. Similar
to [126], this study clearly demonstrates that DCDL is able to approximate the
underlying distribution with fewer samples per mini-batch. In general, assuming
that larger batches should always lead to better results does not hold as shown
in [40, 98]. One intuitive way of understanding this is to think of gradients of small
batches as noisy gradients which can help escaping from bad local minima.
Note: In the subsequent section, σ and ϵ are set to 0.05, 2.5 × 10−3 respectively.
The dimension of the embedding is set to 64. The value of λ is set to 0.2 and 0.5
for all the experiments with LL and LW respectively. We also sample 10 samples
per class for every dataset.

Table 6.3: Experimental results demonstrating the importance of incorporating LL

and LW in Eqn. (6.6) across the three datasets in the clean labels setting.

XXXXXXXXXXXMethod
Dataset

C-10 C-100 S-10

LTrip 85.9 68.4 59.9
LTrip + LL 87.5 69.2 61.6
LTrip + LW 87.4 70.1 66.1

LNP 68.6 42.6 44.8
LNP + LL 69.9 44.6 45.4
LNP + LW 70.2 45.5 49.8

LAng 85.7 63.0 54.6
LAng + LL 86.6 63.6 57.0
LAng + LW 87.2 65.2 59.4
LAng NP 84.5 61.6 53.4

LAng NP + LL 85.3 63.6 55.9
LAng NP + LW 87.1 66.1 57.4
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Clean Labels Dataset Image Classification:

Here, we assess the effectiveness of our proposed algorithm DCDL in the clean
labels settings. The results on the three datasets are shown in Table 6.3 (δ set to
0.0). As observed, enforcing discrepancy between the distributions of the class-wise
embeddings leads to an enhancement in the discriminative ability of the learnt
embedding space. Further, LW achieves significant performance gains over LL

for different assignments of LLocal losses (Refer to Eqn. (6.6)). Thus it is indeed
evident that one must enforce a class-wise discrepancy loss that aims to separate
the probability distributions of the embedded points for every class in order to learn
well-separated, yet compact clusters in the embedding space.

Table 6.4: Experimental results demonstrating the importance of incorporating
LL and LW in Eqn. (6.6) across the three datasets for different values of δ in the
symmetric noisy label setting.

δ=0.1 δ=0.3
XXXXXXXXXXXMethod

Dataset
C-10 C-100 S-10 C-10 C-100 S-10

LTrip 80.4 58.9 48.4 71.1 33.8 39.8
LTrip + LL 82.2 60.9 51.8 72.7 34.7 41.2
LTrip + LW 82.8 61.9 52.5 74.3 36.7 43.6

LNP 65.5 36.9 39.8 51.1 23.3 32.9
LNP + LL 65.4 37.5 44.0 50.9 26.2 35.2
LNP + LW 67.1 38.1 48.4 51.4 27.4 43.2

LAng 80.8 49.9 46.8 63.2 25.1 35.2
LAng + LL 81.4 51.1 48.1 64.8 26.3 37.8
LAng + LW 82.1 53.7 49.3 66.3 28.6 40.8
LAng NP 80.7 49.5 46.3 64.2 24.6 35.7

LAng NP + LL 81.6 51.2 47.2 65.5 25.8 37.3
LAng NP + LW 82.1 52.7 48.7 67.1 28.1 38.5

Noisy Labels Dataset Image Classification:

In this section, we evaluate DCDL in the two noisy labels settings as described
before. Table 6.4 and 6.5 show the results reported on the three datasets for various
configurations of noise and LLocal in the symmetric and asymmetric noisy labels
settings respectively. We can easily observe that barring a few configuration settings;
the accuracy obtained with symmetric noise is lower than the one obtained via
asymmetric noise corruption. It is not surprising as the transitional categories for
asymmetric noise are visually quite similar to each other, and so are the features
extracted and learnt by our network; thereby leading to improved results over
symmetric-noise settings. Moreover, it is also observed that adding LL and LW to
LLocal outperform its corresponding conventional local loss functions (i.e. LLocal) by
a considerable margin in terms of classification accuracy, thereby comprehensively
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Table 6.5: Experimental results (in terms of test classification accuracy) demon-
strating the importance of incorporating LL and LW in Eqn. (6.6) across the three
datasets for different values of δ in the asymmetric noisy labels settings.

δ=0.1 δ=0.2
XXXXXXXXXXXMethod

Dataset
C-10 S-10 C-10 S-10

LTrip 82.5 55.2 78.4 54.6
LTrip + LL 84.1 57.5 79.7 55.8
LTrip + LW 84.9 59.0 81.7 57.9

LNP 64.2 43.7 53.9 42.1
LNP + LL 65.9 46.4 55.2 45.5
LNP + LW 67.2 49.8 56.9 47.3

LAng 82.0 53.5 78.6 50.6
LAng + LL 83.3 55.1 79.7 51.3
LAng + LW 85.1 56.2 82.0 53.6
LAng NP 81.7 52.1 78.2 50.9

LAng NP + LL 82.5 52.7 79.6 50.3
LAng NP + LW 83.2 54.6 81.7 53.9

demonstrating the need of enforcing such class-wise discrepancy constraints in
learning a superior embedding in the noisy labels settings. Similar to the results
obtained in § 6.4.2, our empirical evaluations again show that LW leads to superior
results over LL across the various experimental setups.
Computational complexity: The computational complexity of the regularized
Sinkhorn Divergence (SD) is O(N2

B), where NB is the number of samples in a
mini-batch. However, a big portion of the computational training time is devoted to
computing the pair-wise distances between samples. Such pairwise distances are
calculated in LLocal which can be used explicitly in the SD module; thereby reducing
its overall computational overhead. As observed, the average computational time per
training epoch is 0.53, 0.57 and 0.61 seconds for LTrip and its MMD (i.e. LTrip+LL)
and Wasserstein Distance (i.e. LTrip + LW ) counterparts respectively when trained
on the STL-10 dataset with a 64 dimensional embedding space in the clean labels
settings. This clearly shows that the additional computational overhead of SD is
very small due to the sharing of pairwise distance calculations among LLocal and
Lφ, while the inference time remains the same. We acknowledge that our method
incurs higher computational cost compared to basic noisy-label learning approaches;
however, this additional cost leads to substantial performance gains. Moreover,
when compared to methods achieving similar performance—such as JC [150]—our
approach demonstrates shorter training time under identical experimental settings.
We also observed that batch size plays a crucial role in performance: larger batch
sizes enhance accuracy (as shown in Section 5.4.2) but inevitably increase training
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time. For fairness, we used the same batch size when comparing our method with
baselines. Overall, the computational overhead of our approach is reasonable given
the improved effectiveness.

Experiments with Cross Entropy Loss:

In this section, we examine the compatibility of adding the conventional cross
entropy loss to the training loss LTrain (Eqn. (6.6)) used for DCDL. Thus, our new
loss is defined as follows:

Lxent
Train = LTrain + λxent Lxent. (6.7)

Table 6.6: Experimental results while training with Lxent
Train in the clean labels setting

with three different datasets..

XXXXXXXXXXXMethod
Dataset

C-10 C-100 S-10

Lxent 86.3 70.9 65.7
LTrip + Lxent 87.2 71.2 67.9

LTrip + LL + Lxent 87.8 72.4 69.2
LTrip + LW + Lxent 87.9 72.1 68.8

LNP + Lxent 87.3 72.1 67.7
LNP + LL + Lxent 87.2 71.9 68.2
LNP + LW + Lxent 89.5 72.7 67.9

LAng + Lxent 87.1 71.5 68.2
LAng + LL + Lxent 87.6 72.0 68.9
LAng + LW + Lxent 87.9 71.8 68.5

We have fixed the value of λxent to 1.0 in all our experiments. The results are
shown in Table 6.6, 6.7 and 6.8 in the clean, symmetric-noisy and asymmetric-noisy
labels settings respectively. As observed, and to no surprise, training our models
with Lxent

Train leads to a significant overall improvement in terms of classification
accuracy across all the datasets and experimental settings. Having said that, LW still
outperforms LL in most of the settings except a few, in the presence/absence of noise.
To some degree, Lxent is a partial global loss as it aims to find class-separating
sub-spaces in the output (or embedding) space in order to increase the inter-class
distances between the embedded points. However, it fails to guarantee that the
intra-class distances are reduced within these hyper-planes. With the addition of
LLocal such intra-class distances are reduced to some extent; but this too fails to
ensure that the class-separating sub-spaces are also distant from one other. Further
addition of the discrepancy loss in terms of Lφ leads to an increase in the separation
between the class-separating sub-spaces due to the disparity induced between the
distributions of class-wise embeddings for every class. This indeed demonstrates
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the need and the ability of Lφ to learn discriminant embeddings even in the presence
of a partially global cross entropy loss.

6.4.3 Analysis of Fine Grained Image Classification

Implementation Details:

We have used Inception-V1 [136] with Batch Normalization [60] pretrained on
Imagenet [120] as the backbone network, with a randomly initialized [39] fully-
connected embedding layer at the end4. Similar to [79], we have fixed the dimen-
sionality of the embedding to 100 and 98 respectively for CUBS-200-2011 and
CARS196. All the images are resized to 256× 256 initially. The training images
are then randomly cropped to 227× 227, followed by random horizontal flipping;
whereas the test images are cropped to 227 × 227 from the center. A Dropout
layer with dropout rate of 0.1 is added before the embedding layer. The size of the
mini-batch is set to 64 for both datasets. In our experiments with LLocal=LTrip,
we ensure that there are at-least 4 samples per class within the mini-batch B; while
for the rest we use 2 samples per class in order to create the mini-batch. The entire
network is fined tuned using the Stochastic Gradient Descent (SGD) optimizer. The
initial learning rate is set to 0.01 for all datasets, and is decreased by a factor of
0.1 after every 25 epochs. However, empirically we have found that λ=0.5 gives
superior results for experiments with LL and LW . Moreover, the value of ϵ is also
set to 2.5 × 10−3. We set the value of (a) τ in LTrip to 0.5, (b) α in LAng and
LAng NP to 45°. We report the best results obtained for all the hyper-parameter
settings after training the models for 40 epochs.

In the evaluation phase, we apply the standard KMeans algorithm on the unit-
4Like [79], we also pre-train the entire network with a classification loss before fine-tuning

Table 6.7: Experimental results while training with Lxent
Train in the symmetric noisy

labels setting on three different datasets.

δ=0.1 δ=0.3
XXXXXXXXXXXMethod

Dataset
C-10 C-100 S-10 C-10 C-100 S-10

Lxent 81.4 64.3 60.8 76.1 55.1 51.1
LTrip + Lxent 83.1 66.5 62.8 77.1 58.2 52.1

LTrip + LL + Lxent 83.0 66.3 63.1 78.2 58.7 51.9
LTrip + LW + Lxent 83.5 67.1 63.9 78.9 59.0 52.9

LNP + Lxent 83.2 65.8 63.6 77.5 58.8 53.4
LNP + LL + Lxent 83.7 66.2 63.9 78.9 60.1 54.1
LNP + LW + Lxent 83.5 66.9 64.7 79.8 59.8 55.2

LAng + Lxent 83.2 66.3 63.4 77.9 56.6 52.8
LAng + LL + Lxent 83.6 66.1 64.5 78.6 57.7 53.2
LAng + LW + Lxent 83.7 64.7 64.6 78.9 57.5 54.1
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Table 6.8: Experimental results while training with Lxent
Train in the asymmetric noisy

labels setting on two different datasets.

δ=0.1 δ=0.2
XXXXXXXXXXXMethod

Dataset
C-10 S-10 C-10 S-10

Lxent 83.8 63.9 80.7 61.4
LTrip + Lxent 84.1 65.1 80.9 62.7

LTrip + LL + Lxent 84.6 65.8 81.5 64.1
LTrip + LW + Lxent 84.3 66.4 82.3 63.8

LNP + Lxent 84.4 64.9 81.9 63.1
LNP + LL + Lxent 84.8 66.1 82.6 63.7
LNP + LW + Lxent 84.2 65.8 84.1 64.0

LAng + Lxent 83.9 65.1 82.4 62.4
LAng + LL + Lxent 84.4 65.9 82.2 64.2
LAng + LW + Lxent 84.8 66.4 82.6 64.1

Table 6.9: Experimental results on CUBS-200-2011 in the clean and symmetric-
noisy label settings.

Clean Labels
Method NMI R@1 R@2 R@4 Method NMI R@1 R@2 R@4
LTrip 55.4 42.6 55.1 66.4 LNP 57.2 45.4 58.4 69.5

LTrip + LL 56.2 43.3 55.2 66.8 LNP + LL 57.4 45.3 58.3 70.6
LTrip + LW 56.9 44.1 56.1 67.5 LNP + LW 57.9 45.9 58.5 70.5

LAng 57.7 45.7 58.1 70.3 LAng NP 57.9 45.9 58.3 70.4
LAng + LL 58.1 46.4 58.7 70.8 LAng NP + LL 58.1 46.4 58.7 70.5
LAng + LW 58.5 46.3 58.7 70.7 LAng NP + LW 58.3 46.2 58.5 70.4

Symmetric Noise with δ=0.1
LTrip 53.9 41.7 53.8 64.5 LNP 55.2 43.7 56.3 68.3

LTrip + LL 54.3 42.3 54.1 65.0 LNP + LL 56.9 45.2 57.5 68.5
LTrip + LW 54.7 42.5 54.4 65.4 LNP + LW 57.3 44.8 57.9 69.8

LAng 56.9 45.0 57.1 69.5 LAng NP + LL 57.2 45.7 58.7 70.1
LAng + LL 57.4 45.4 58.0 69.8 LAng NP + LL 57.9 45.6 57.8 69.8
LAng + LW 58.0 45.5 58.1 70.4 LAng NP + LW 57.8 45.7 56.9 69.6

Symmetric Noise with δ=0.3
LTrip 52.1 40.8 52.6 62.8 LNP 54.7 42.0 54.6 66.6

LTrip + LL 52.9 41.4 53.1 62.6 LNP + LL 55.9 43.1 55.3 67.2
LTrip + LW 53.7 42.2 54.0 63.9 LNP + LW 56.1 43.8 56.3 67.8

LAng 55.4 42.1 55.1 67.3 LAng NP 56.5 42.9 55.9 68.0
LAng + LL 56.2 42.8 56.0 68.0 LAng NP + LL 56.1 43.5 56.1 67.9
LAng + LW 56.5 43.0 55.9 68.2 LAng NP + LW 56.2 43.7 56.3 68.6

norm output representations and calculate the conventional NMI and R@K metrics
similar to [107, 129, 130]. Like before, we evaluate DCDL in two different label
settings: (a) clean labels and (b) noisy labels; with symmetric noise (δ={0.1, 0.3}).
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Table 6.10: Experimental results on CARS196 dataset in the clean and symmetric-
noisy label settings.

Clean Labels
NMI R@1 R@2 R@4 NMI R@1 R@2 R@4

LTrip 55.4 58.1 69.8 79.5 LNP 56.9 60.8 72.5 80.9
LTrip + LL 55.9 58.9 70.7 80.5 LNP + LL 57.3 62.1 73.2 81.7
LTrip + LW 56.3 58.6 70.8 80.9 LNP + LW 57.2 62.0 73.3 81.6

LAng 57.1 60.9 71.7 81.0 LAng NP 57.1 61.2 72.4 81.2
LAng + LL 57.5 61.5 72.9 81.5 LAng NP + LL 57.4 61.9 72.9 81.7
LAng + LW 57.9 61.8 72.8 81.2 LAng NP + LW 57.3 61.8 72.8 81.6

Symmetric Noise with δ=0.1
LTrip 54.5 58.5 69.6 79.4 LNP 54.7 58.6 70.5 79.9

LTrip + LL 54.8 58.7 70.4 79.7 LNP + LL 55.5 59.1 70.6 79.7
LTrip + LW 55.3 58.9 70.4 80.2 LNP + LW 55.4 59.2 71.1 80.1

LAng 54.2 58.3 70.3 79.2 LAng NP 54.7 58.2 70.1 79.4
LAng + LL 55.0 58.3 70.0 79.3 LAng NP + LL 55.2 59.3 71.4 80.5
LAng + LW 54.7 59.5 70.8 80.0 LAng NP + LW 55.6 59.6 70.7 80.2

Symmetric Noise with δ=0.3
LTrip 49.3 51.1 62.8 73.8 LNP 49.2 50.8 62.6 73.6

LTrip + LL 49.6 52.1 64.1 75.4 LNP + LL 49.7 51.1 63.4 74.3
LTrip + LW 49.3 52.1 64.0 74.9 LNP + LW 49.9 51.9 64.3 74.9

LAng 50.1 51.4 63.2 73.9 LAng NP 49.5 50.8 63.2 73.9
LAng + LL 50.2 51.3 63.7 74.7 LAng NP + LL 50.1 51.6 63.7 74.6
LAng + LW 50.3 52.2 64.5 74.9 LAng NP + LW 49.9 51.4 64.2 74.4

Table 6.9 and 6.10 shows the results with LLocal={LTrip, LNP, LAng, LAng NP}
for the clean and symmetric-noisy labels settings on the CUBS-200-2011 and
CARS196 datasets respectively. It is again evident that adding both LL and LW (so
as to introduce class-wise discrepancy constraints) leads to superior NMI and R@K
metrics for both the datasets across most of the settings (i.e. clean and noisy labels).
It further reinforces our hypothesis of the need to incorporate and enforce such class-
wise discrepancy constraints in order to learn a discriminative embedding space.
Furthermore, DSC [79] designs a complex structured loss that takes into considera-
tion the spectral clustering constraints to separate the class-wise embeddings and
achieves 56.1%/57.1% (NMI/R@1) on the CARS196 dataset. On the other hand,
simply by precisely enforcing the discrepancy constraints with either a simpler LNP,
LAng, or LAng NP outperforms DSC in terms of NMI/R@1 respectively for both
LL and LW . These results clearly indicate that modeling comprehensive class-wise
discrepancy constraints using LL and LW to push-away the class-wise probability
distributions are indeed important to learn a discriminative embedding space in the
presence/absence of noisy labels.

Comparison to State of the Art Deep Metric Learning methods:

In this section, we study the effects of equipping the loss function of the current state-
of-the-art MIC [118] algorithm with LL and LW . MIC proposes to use a separate
encoder trained with a novel surrogate task to incorporate structure inter-class
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Table 6.11: Comparison against several baselines and state-of-the-art algorithms.
The best results are shown in red.

Dataset CUBS-200-2011 CARS196
Method NMI R@1 R@2 R@4 NMI R@1 R@2 R@4

Trip 55.4 42.6 54.9 66.4 53.4 51.5 63.8 73.5
DSC 58.1 49.8 62.6 73.6 58.0 59.4 71.3 80.6

Lifetd-Struct 56.5 43.6 56.6 68.6 56.9 53.0 65.7 76.0
NPairs 57.2 45.4 58.4 69.5 57.8 53.9 66.8 77.8

NMI-based 59.2 48.2 61.4 71.8 59.0 58.1 70.6 80.3
Stiefel 62.3 52.3 64.5 75.3 64.2 73.2 82.2 88.6
Hist - 52.8 64.4 74.7 - 66.2 77.2 85.0
Ang 61.0 53.6 65.0 75.3 62.7 68.9 78.9 85.8

DAML 61.3 52.7 65.4 75.5 66.0 75.1 83.8 89.7
HADML 62.6 53.7 65.7 76.7 69.7 79.1 87.1 92.1
DVML 61.4 52.7 65.1 75.5 67.6 82.0 88.4 93.3
BIER - 55.3 67.2 76.9 - 78.0 85.8 91.1
HTL - 57.1 68.8 78.7 - 81.4 88.0 92.7
HTG - 59.5 71.8 81.3 - 76.5 84.7 90.4

A-BIER - 57.5 68.7 78.3 - 82.0 89.0 93.2
DWS 66.3 62.9 74.1 82.9 66.3 80.0 87.7 92.3

ProxyNCA 62.5 57.4 69.2 79.1 59.5 73.0 81.3 87.9
MIC 69.7 66.1 76.8 85.6 68.4 82.6 89.1 93.2
MIC∗ 69.1 64.9 75.8 84.7 68.1 80.7 88.0 92.9

MIC+LL 70.1 65.8 77.1 84.9 68.7 81.2 88.4 92.7
MIC+LW 70.4 66.2 77.4 85.2 68.3 82.2 88.9 92.9

characteristics while learning a discriminative embedding. The encoder is trained
to learn shared characteristics along using standard metric learning loss functions.
We have followed the same training protocol as proposed in MIC. We have used
ResNet50 [55] in our implementation of MIC (indicated using ∗) and its MMD
and Wasserstein counterparts. The various baseline algorithms considered for this
study are (i) Trip [124], (ii) DSC [79], (iii) Lifetd-Struct [107], (iv) NPairs [129],
(v) NMI-based [130], (vi) Stiefel [119], (vii) Hist [142], (viii) Ang [148], (ix)
DAML [27], (x) HADML [169], (xi) DVML [88], (xii) BIER [108], (xiii) HTL [36],
(xiv) HTG [167], (xv) A-BIER [109], (xvi) DWS [152], (xvii) ProxyNCA [102] and
(xviii) MIC [118]. Table 6.11 also shows the results on CUBS-200-2011 [145] and
CARS196 [71] where the class-wise information is incorporated into MIC via LL

and LW 5. As observed, equipping the loss function of MIC with LL and LW leads
to an increase in terms of NMI and R@K for both datasets. This clearly indicates
that MIC also benefits when such comprehensive class-wise constraints are taken
into account and a discrepancy loss is enforced between the class-wise embeddings
using LL and LW .

In order to validate the performance gain due to LL and LW over MIC, we have
performed significance analysis using the Welch t-statistic for unpaired two-samples

5We have repeated the experiments 6 times with random weights for each trial, and reported the
best results according to NMI for MIC + LL and MIC+LW .
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t-test. The formula for calculating the p-values is as follows

p =
µA − µB√
σ2

A
NA

+
σ2

B
NB

, (6.8)

where A and B denote the two sets of experiments taken into account. µA, σ2
A and

NA denote the sample mean, standard deviation and sample size of the experiment
set A. Similar notations for B are represented as µB, σ2

B and NB. The sample size
(i.e. NA and NB) is fixed to 6. A denotes MIC∗ where as B denotes either MIC+LL

and MIC+LW . The “p-values” between MIC∗ and MIC+LL are 7×10−5 and
85×10−6 for CUBS-200-2011 and CARS196 datasets respectively. Similarly the
p-values between MIC∗ and MIC+LW are 85×10−6 and 51×10−3 respectively
for CUBS-200-2011 and CARS196 datasets. These values clearly indicate that the
results obtained are statistically significant over MIC across both the datasets. In
the future, one can study the effect of LL and LW when integrated with other loss
functions as mentioned in Table 6.11.
Note: It is to be noted that our proposed algorithm has not been explicitly designed
to alleviate the effects of noise from the input data and bridge the performance gap
between the noisy and noiseless baseline methods. Indeed, through our detailed
empirical results we have demonstrated that our proposed optimal transport based
loss function is able to separate the class-wise distributions even in the noisy input
data, thus being more robust in handling the side effects of noise compared to the
baseline methods.

6.5 Summary

In this chapter, we proposed a novel Deep Class-wise Discrepancy Loss (DCDL)
and addressed the problem of learning an efficient and discriminative embedding
space. To this end, we have incorporated and increased class-wise dissimilarity
constraints so as to decrease the intra-class variances, and increase the inter-class
variances thereby leading to the formation of tight but well separated clusters
of embedded points. Towards achieving this objective, we employed Maximum
Mean Discrepancy and Wasserstein Distance, with roots in Optimal Transport, in
order to separate the probability distributions between the embeddings belonging to
each and every class. We have evaluated our proposed methodology across clean
and noisy label settings over five well known datasets. Our empirical evaluations
support and substantiate the need of enforcing such global dissimilarity constraints
in learning a superior embedding over the baseline algorithms. A similar trend was
also observed while training with an additional partially-global cross entropy loss;
thereby further reinforcing the utility of utilizing DCDL in learning a tightly knit
embedding space. We have also demonstrated superior performance of DCDL in
the two fine-grained image classification datasets for both clean and noisy labels
settings. Our empirical evaluations showed that global class-wise divergences are
needed to learn an efficient and effective embedding space. In the future, we aim to

97



CHAPTER 6. LEARNING DEEP OPTIMAL EMBEDDINGS WITH
SINKHORN DIVERGENCES

design a mutually integrated loss function to further improve the learning ability of
DCDL.
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Chapter 7

Conclusion

In this section, we first conclude the entire thesis, and then elaborate the possible
trends for future research.

7.1 Thesis Summary

Image classification is a popular research area in computer vision. However, train-
ing a neural network to classify image dataset requires large and clean (corrected
labeled) images. Noise is ubiquitous in the world around us. Difficulty in estimating
the noise within a dataset makes learning from such a dataset a difficult and chal-
lenging task. In this thesis, we have investigated how to learn from noisy labeled
image datasets with robust models.

Despite their significant learning capacity, convolutional neural networks (CNNs)
have a tendency to overfit in the presence of samples with noisy labels. Alleviating
this issue, we use a Co-Training framework as a fundamental basis. A Co-Training
framework consists of two parallel models which is supposed to learn from each
other and corrected wrong predictions for each other. So the key point here comes
to how to improve that ability. In this thesis, we introduced our work on how to
improve the ability of Co-Training framework to learn from noisy labels.

One of the key challenges in collaborative training frameworks is the tendency of
two parallel models to mimic and copy each other, leading to redundancy and limited
diversity in learned features. To address this issue, we modified the traditional
collaborative training approach by introducing discrepancy constraints between the
feature extractors of the parallel models. This adjustment encourages the models to
learn distinct yet complementary features, thereby enhancing overall discriminative
capability. This solution, which forms the basis of our work in Chapter 3, effectively
mitigates the problem of model redundancy and improves feature diversity.

However, while introducing discrepancy constraints helped in learning distinct
features, we observed that maintaining sufficient diversity between the models was
still challenging. To further enhance model diversity, we incorporated Sinkhorn
(Sϵ) divergence, which offers a broader and more flexible range of discrepancy
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metrics compared to traditional methods. By leveraging the geometric properties
of Sinkhorn divergence, we were able to better encourage diversity between the
models, resulting in improved performance and robustness. This approach is the
primary focus of Chapter 4.

During our exploration of Co-Training methods, another challenge became
apparent: traditional Co-Training frameworks often discard potentially corrupted la-
beled images to maintain data integrity. However, this approach leads to a significant
waste of valuable training data. To address this issue, we developed a Contrastive
Co-Training framework that effectively utilizes these noisy images instead of dis-
carding them. This method is not only simple and fast but also significantly boosted
performance compared to state-of-the-art approaches. As we continued to enhance
the Co-Training framework, we identified a further limitation in the use of Convo-
lutional Neural Networks (CNNs) as the parallel models. CNNs primarily capture
global features, which may not be sufficient for learning robust representations
from noisy labels. To overcome this, we introduced a novel Transformer-based
Co-Training structure that leverages the local attention capabilities of transformers.

Chapters 3–5 build upon established methods, particularly parallel networks,
which are widely recognized as an effective approach for noisy-label learning. How-
ever, by introducing our divergence modules into this framework, we position the
divergence component—and its universal applicability—as the core novelty of our
method. We further demonstrate its versatility by applying it to a metric-learning
task, which is fundamentally different from noisy-label learning. While we acknowl-
edge that our overall framework is not an entirely new paradigm, the advantages
and novelty introduced by the divergence modules are clear and significant.

Building on previous research, we conducted an in-depth exploration of learning
from noisy labels, utilizing the advantages of Sinkhorn Divergence to improve model
robustness and accuracy. Leveraging these insights, we extended our investigation
to the field of metric learning, examining the effectiveness of Sinkhorn Divergence
on both noisy and clean datasets. Our approach enhanced representation learning
and similarity measurement while preserving robustness against label noise. This
work is comprehensively discussed in Chapter 6.

Extensive experimental evaluations on corrupted data from six standard bench-
mark datasets, including the real-world noisy dataset Clothing1M, consistently
demonstrate that our proposed methods outperform existing state-of-the-art tech-
niques.

Regarding the universal applicability of our method, we are confident that it
can be used beyond noisy-label learning, extending naturally to semi-supervised
and other weakly supervised settings. First, as detailed in Chapters 3–5, our mod-
ules—such as the Sinkhorn Loss—can be easily integrated into existing architectures
for noisy-label learning. We also provide guidance for hyper-parameter tuning, and
when extensive experimentation is not possible, Chapters 3 and 4 offer general
default values that still achieve strong performance. Second, we show that our
method applies to semi-supervised learning as well. In Chapter 5, we incorporate
contrastive learning, demonstrating that our modules can also be used in unsuper-

100



CHAPTER 7. CONCLUSION

vised or weakly supervised scenarios. Additionally, our application of the Sinkhorn
Divergence to a metric-learning task further supports the broad adaptability of our
approach. Together, these results confirm the universal applicability and robustness
of our method across different learning paradigms.

While our work primarily focuses on robustness to label noise, we emphasise
that the proposed methods have been extensively evaluated on real-world noisy
datasets, not only synthetic benchmarks. These datasets contain naturally occurring
noise and bias patterns, enabling us to assess robustness under realistic conditions.
Our results further show that the model remains reliable even under extremely high
noise ratios, demonstrating strong generalisation and resilience to label corruption.
Although robustness does not directly guarantee fairness or interpretability, the
stable performance observed across challenging real-world settings indicates that the
model maintains practicality and reliability in noisy environments. We acknowledge,
however, that incorporating explicit interpretability and fairness considerations is
an important direction for future work—particularly for sensitive applications such
as medical imaging. A corresponding paragraph has been added to the Discussion
section to highlight this limitation and outline future research directions.

To summarize, we systematically addressed the challenges encountered in
collaborative training frameworks by introducing four key contributions: (1) dis-
crepancy constraints for feature diversity, (2) Sinkhorn divergence for enhanced
model differentiation, (3) Contrastive Co-Training to utilize noisy images effectively,
and (4) a Transformer-based Co-Training structure for improved feature extraction.
By progressively refining our methods to tackle emerging challenges, we not only
addressed the limitations of existing approaches but also advanced the state of the
art in learning from noisy labels.

7.2 Future Work

While this thesis focuses on learning from noisy labeled datasets using Co-Training
frameworks, there are many opportunities for further exploration. One potential
direction is extending these methods to multi-label classification, where each image
belongs to multiple categories. This is common in real-world applications like
medical diagnosis, environmental monitoring, and social media analysis, where
labels are often interdependent and noisy. Enhancing Co-Training to handle complex
label relationships while reducing noise would expand its applicability.

Our work primarily focuses on 2D noisy-label image classification, including
real-world noisy datasets. However, we have also conducted extensive experiments
on related tasks such as semi-supervised learning and metric learning. Extending
our approach to low-resource and underrepresented domains represents a promising
direction for future research.

Another key area is domain adaptation, where clean labeled datasets exist in a
source domain, but target domains contain noisy or incomplete labels. Adapting
Co-Training to leverage knowledge from source domains could greatly improve its
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effectiveness. Techniques like adversarial training, feature alignment, and domain
generalization could enhance transferability across different domains.

Self-supervised learning presents another promising direction. Pretraining
models in a self-supervised manner can improve feature robustness and reduce
sensitivity to noisy labels. Combining self-supervised learning with Sinkhorn
divergence or contrastive learning could enhance diversity and collaboration between
parallel models, leading to more efficient training paradigms in noisy environments.

This thesis also highlights transformers’ robustness in handling noisy labels.
Expanding their use to temporal sequences, 3D image data, or multi-modal datasets
is a natural next step. Exploring hybrid architectures that combine CNNs and
transformers could further enhance performance in challenging settings.

From an algorithmic perspective, incorporating ensemble learning could im-
prove scalability and generalization. Training diverse models on different subsets
of noisy data can reduce overfitting. Additionally, dynamic collaboration strate-
gies based on real-time noise estimation could make the framework more adaptive,
especially for large-scale datasets or real-time applications.

What’s more, in our experiments (Tables 5.3–5.5), τ was assumed to be known
for controlled comparison with prior work; however, we agree that understanding
the sensitivity to τ is crucial for practical deployment. We outline them as poten-
tial future work toward making the method fully practical in settings where τ is
unknown.

Finally, expanding this research to low-resource and underrepresented domains
could have practical significance. Noisy labels are prevalent in such datasets due to
annotation limitations. Optimizing these frameworks for minimal labeled data could
benefit applications like wildlife conservation, disaster response, and humanitarian
aid. Creating synthetic noisy datasets with domain experts could further validate
the models’ robustness.

By exploring these directions, the methodologies in this thesis could be refined
and extended to tackle even more complex challenges, further advancing robust
learning from noisy labeled data.
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