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Chapter 1

Introduction

1.1 Background

Machine Learning (ML) and Deep Learning (DL) have proven to be powerful tools
for solving complex real-world problems. These techniques have been applied to
a wide range of domains, including speech recognition, computer vision, natural
language processing, recommendation systems and more. However, the performance
of these models relies heavily on the availability of large amounts of annotated data,
which is often a key barrier for companies to adopt machine learning. Labeling
data gets expensive, and the difficulties of sharing and managing large datasets
for model development make it a struggle to get machine learning projects off the
ground in practical applications.

Labeled data is a group of samples that have been tagged with one or more labels.
After obtaining a labeled dataset, machine learning models can be applied to the
data so that new, unlabeled data can be presented to the model and a likely label
can be guessed or predicted for that piece of unlabeled data. When the amount of
available labeled data is limited, ML models tend to overfit on the training data,
leading to poor generalization performance on unseen data whereas human can
learn new concepts with just a few example and can often generalize successfully
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1.2. Objectives

from just a single example. This is particularly problematic in fields where data
collection is time-consuming and expensive, such as medicine and biology. In
these domains, the limited availability of labeled data restricts the development of
powerful models that can provide meaningful insights and predictions.

In addition to the challenges associated with small datasets, ML models also face
the problem of imbalanced data. Imbalanced data refers to a scenario in which
the number of observations belonging to one class is significantly lower than those
belonging to the other classes. This is a common problem in business contexts
where accurate prediction is crucial, such as detecting fraudulent transactions,
identifying rare diseases, and predicting customer churn. Standard ML algorithms
may not produce accurate results when applied to imbalanced datasets, as they
are designed to reduce error rather than consider the class distribution or balance
of classes.

In short, imbalanced data concept refers to the situation where the number of
examples from each class in a dataset is highly imbalanced. This can lead to biased
models that perform poorly on the underrepresented class. Anomaly detection is
another important challenge associated with small datasets, where the goal is to
identify data instances that deviate from the normal behavior.

In order to overcome these challenges, various approaches have been proposed to
effectively learn from small datasets in ML. These include data selection and pre-
processing, incorporating domain, prior and context knowledge, ensemble methods,
transfer learning, parameter initialization, loss function reformulation, regulariza-
tion techniques, data augmentation, synthetic data generation, and more. The
use of these techniques enables the development of models that are capable of
effectively learning from limited amounts of data and generalizing to unseen data.

1.2 Objectives

The main objective of this dissertation is to explore various approaches for effectively
learning from small datasets in ML, and to address the challenges of imbalanced
data and anomaly detection. This will contribute to the development of more
robust and efficient models that can be applied to a wide range of real-world
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Chapter 1. Introduction

problems where the availability of labeled data is limited. The specific objectives
are as follows:

• To identify and analyze the problems associated with small datasets and how
they affect the performance of ML models.

• To review and evaluate different techniques for handling small datasets,
including data selection and preprocessing, incorporating prior knowledge,
and the use of ensemble methods.

• To examine transfer learning and how it can be used to tackle small data
problems.

• To investigate various optimization techniques, such as parameter initializa-
tion and loss function reformulation, and how they can be used to improve
the performance of ML and DL models on small datasets.

• To study regularization techniques and how they can be used to prevent
overfitting in ML and DL models.

• To explore data augmentation and synthetic data generation as potential
solutions for small dataset problems.

• To evaluate the performance of self-supervised, semi-supervised, and unsu-
pervised learning techniques on small datasets.

• To investigate the potential of using physics-informed neural networks, meta
learning, and active learning to handle small data problems.

• To analyze the problem of imbalanced data and how it can be addressed in
small sample settings.

• To examine the challenges of anomaly detection as a small data problem and
potential solutions.

The proposed research will provide a comprehensive overview of the challenges and
solutions associated with learning from small datasets in ML, and will contribute
to the development of more effective and efficient models for this task.
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1.3. Outline of the Dissertation

1.2.1 Research Questions

RQ1 (Chapter 3) What are the current methods and techniques used to effectively
learn from small datasets in Machine Learning and overcome the challenges
posed by small data and extreme imbalance?

RQ2 (Chapters 4 ) Being one of the most effection regularization technique, how
does adding a batch normalization layer just before the softmax output layer
in modern CNN architectures affect the training time and test error for
minority classes in highly imbalanced datasets, and what is the impact of
this technique on the overall performance of the model in terms of recall for
the minority class?

RQ3 (Chapters 5 ) How does the use of salient image segmentation as an augmen-
tation policy in Self-Supervised Learning (SSL) impact the representation
and generalization capabilities of images in downstream tasks such as image
segmentation, and how does this method compare to other commonly used
augmentation policies in SSL?

1.3 Outline of the Dissertation

Chapter 3 provides an overview of the challenges that arise in machine learning
when dealing with small data. It starts by discussing the problem of overfitting
and generalization, and how they can be mitigated when the data is limited.
Then, the chapter delves into the various approaches that have been proposed
to effectively learn from small datasets. Handling small data includes a detailed
discussion of various techniques that can be used to overcome the limitations
posed by small datasets. These techniques are grouped under several headings,
such as data selection and preprocessing, incorporating domain, prior, and context
knowledge, ensemble methods, transfer learning, parameter initialization, loss
function reformulation, regularization techniques, data augmentation, synthetic
data generation, problem reduction, optimization techniques, and more.

This chapter also includes a discussion of the various approaches that have been
proposed to tackle small data problems, with a focus on how they can be used
to effectively learn from limited amounts of data. These approaches include, but
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are not limited to, using physics-informed neural networks, unsupervised learning
techniques, semi-supervised learning, self-supervised learning, zero-shot, one-shot,
and few-shot learning, meta-learning, harnessing model uncertainty, active learning,
self-learning, multi-task learning, symbolic learning, hierarchical learning, and
knowledge distillation based learning.

Chapter 4 covers the problem of learning from data that is highly skewed towards
one class, and the various techniques that have been proposed to mitigate this
problem. This chapter mainly focuses on the impact of batch normalisation on
learning from small datasets. It provides experimental evidence of the positive
impact of adding an additional batch normalisation layer just before the softmax
output layer on reducing the training time and test error for minority classes in
a highly imbalanced dataset. The results show that this approach can lead to a
significant improvement in the performance of the model, particularly when a high
recall is desired for the minority class.

Chapter 5 focuses on the impact of self-supervised learning on learning from
small datasets. The chapter provides experimental evidence of the positive impact
of using salient image segmentation as an augmentation policy in self-supervised
learning, when the downstream task is image segmentation. The results indicate
that using this augmentation policy leads to better image representations, as
compared to using default augmentations or no augmentations at all. The chapter
concludes with a discussion of the potential of self-supervised learning in mitigating
the limitations posed by small datasets.

1.4 Author’s Contributions

The main contributions of the author of this dissertation are the following:

[1] Veysel Kocaman, Ofer M Shir, and Thomas Bäck. Improving model accuracy
for imbalanced image classification tasks by adding a final batch normalization
layer: An empirical study. In 2020 25th International Conference on Pattern
Recognition (ICPR), number 10.1109/ICPR48806.2021.9412907, pages 10404–
10411. IEEE, 2021.

[2] Veysel Kocaman, Ofer M Shir, and Thomas Bäck. The unreasonable effec-
tiveness of the final batch normalization layer. In International Symposium
on Visual Computing, volume 13018, pages 81–93. Springer, 2021.
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1.5. Other Work by the Author

[3] Veysel Kocaman, Ofer M Shir, Thomas Bäck, and Ahmed Nabil Belbachir.
Saliency can be all you need in contrastive self-supervised learning. In
International Symposium on Visual Computing, pages 119–140. Springer,
2022.

1.5 Other Work by the Author
(Out of topic research activities over the course of PhD)

[4] Veysel Kocaman and David Talby. Biomedical named entity recognition at
scale. In International Conference on Pattern Recognition, pages 635–646.
Springer, Cham, 2021.

[5] Veysel Kocaman and David Talby. Improving clinical document understand-
ing on covid-19 research with spark nlp. AAAI-21 Workshop on Scientific
Document Understanding, (arXiv preprint arXiv:2012.04005), 2020.

[6] Veysel Kocaman and David Talby. Spark nlp: natural language understanding
at scale. Software Impacts, 8:100058, 2021.

[7] Veysel Kocaman and David Talby. Accurate clinical and biomedical named
entity recognition at scale. Software Impacts, 13:100373, 2022.

[8] Veysel Kocaman, Bunyamin Polat, Gursev Pirge, and David Talby. Biomedical
named entity recognition in eight languages with zero code changes. In
Proceedings of the Iberian Languages Evaluation Forum (IberLEF 2022),
volume 3202, 2022.

[9] Veysel Kocaman, Youssef Mellah, Hasham Haq, and David Talby. Automated
de-identification of arabic medical records. In Proceedings of ArabicNLP 2023,
pages 33–40, 2023.

[10] Veysel Kocaman, Hasham Ul Haq, and David Talby. Beyond accuracy:
Automated de-identification of large real-world clinical text datasets. In
Machine Learning for Health (ML4H) 2023–Findings track, 2023.

[11] Veysel Kocaman, Hasham Ul Haq, and David Talby. Beyond accuracy: Auto-
mated de-identification of large real-world clinical text datasets. In Proceedings
of The Professional Society for Health Economics and Outcomes Research
(ISPOR) Europe 2023, Copenhagen, Denmark, 2023. Poster presentation.

[12] Sutanay Choudhury, Khushbu Agarwal, Colby Ham, Pritam Mukherjee, Siyi
Tang, Sindhu Tipirneni, Veysel Kocaman, Suzanne Tamang, Robert Rallo,
and Chandan K Reddy. Tracking the evolution of covid-19 via temporal

6



Chapter 1. Introduction

comorbidity analysis from multi-modal data. In AMIA, 2021.

[13] Syed Raza Bashir, Shaina Raza, Veysel Kocaman, and Urooj Qamar. Clin-
ical application of detecting covid-19 risks: A natural language processing
approach. Viruses, 14(12):2761, 2022.

[14] Khushbu Agarwal, Sutanay Choudhury, Sindhu Tipirneni, Pritam Mukherjee,
Colby Ham, Suzanne Tamang, Matthew Baker, Siyi Tang, Veysel Kocaman,
Olivier Gevaert, et al. Preparing for the next pandemic via transfer learning
from existing diseases with hierarchical multi-modal bert: a study on covid-19
outcome prediction. Scientific Reports, 12(1):1–13, 2022.

[15] Hasham Ul Hak, Veysel Kocaman, and David Talby. Deeper clinical document
understanding using relation extraction. In https://arxiv.org/abs/2112.13259.
Scientific Document Understanding workshop at AAAI 2022, 2021.

[16] Hasham Ul Hak, Veysel Kocaman, and David Talby. Mining adverse drug
reactions from unstructured mediums at scale. In W3PHIAI workshop at
AAAI-22. https://arxiv.org/abs/2201.01405, 2022.

[17] Murat Aydogan and Veysel Kocaman. Trsav1: A new benchmark dataset
for classifying user reviews on turkish e-commerce websites. Journal of
Information Science, 1:https–journals, 2022.

[18] Vikas Kumar, Lawrence Rasouliyan, Veysel Kocaman, and David Talby. Using
natural language processing to identify adverse drug events of angiotensin
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[19] A. Emre Varol, Veysel Kocaman, Hasham Ul Hak, and David Talby. Un-
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Chapter 2

Preliminaries

2.1 Definition of Terms

This chapter serves as a brief descriptions of the terms mentioned within this
dissertation. We should note here that this chapter does by no means offer an
exhaustive overview of the aforementioned fields, as this would lie out of the scope
of the present thesis. Its aim, instead, is to acclimatize the reader to the definitions
of terminology that will be recurring in the following chapters.

Machine learning (ML) Machine learning is a subfield of artificial intelligence
that focuses on the development of algorithms and statistical models that can learn
patterns and relationships in data. These algorithms can then be used to make
predictions or decisions about new, unseen data.

Deep learning (DL) Deep learning is a subfield of machine learning that uses
neural networks with multiple layers to model and solve complex problems. These
deep networks are trained using large amounts of data and can learn hierarchical
representations of data, allowing them to perform well on a variety of tasks such
as image recognition, natural language processing, and speech recognition.

Overfitting Overfitting occurs when a machine learning model is too complex
for the amount of data it is trained on. As a result, the model fits the training
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data too closely and does not generalize well to new, unseen data, leading to poor
performance.

Underfitting Underfitting occurs when a machine learning model is too simple
and cannot effectively capture the underlying patterns in the data. As a result,
the model will have poor performance on both the training and test data.

Self-supervised learning (SSL) Self-supervised learning is a form of unsuper-
vised learning where the model learns from input data without explicit supervision,
but with the goal of reconstructing the input data in some way. This can be done,
for example, by predicting missing parts of an input or by rearranging the input
data in a specific order.

Semi-supervised (SeSL) Semi-supervised learning is a form of machine learning
that combines both supervised and unsupervised learning. In this setting, a small
portion of the data is labeled, and the rest is left unlabeled which is usually large.
The model then uses the labeled data for supervised learning and the unlabeled
data for unsupervised learning to drive structure from unlabeled data to improve
the overall performance of the task.

Unsupervised learning Unsupervised learning is a form of machine learning
where the model learns from input data without explicit supervision. The goal is
to find patterns or relationships in the data without being told what the target
outputs should be. It relies on the model learning the structure of the input data
based on the features present in the data via feature extraction, which involves
identifying and extracting relevant characteristics from the raw data.

Softmax The softmax function is a mathematical function commonly used in
machine learning as an activation function for multi-class classification problems.
The function maps input values to a probability distribution over multiple classes,
allowing the model to make predictions about the class with the highest likelihood.

Probably Approximately Correct (PAC) The Probably Approximately Cor-
rect (PAC) framework is a theoretical framework for understanding the generaliza-
tion ability of machine learning algorithms. The framework provides a mathematical
definition of when a learning algorithm is considered to have good generalization
performance, making it a useful tool for comparing and evaluating different algo-
rithms.
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Chapter 2. Preliminaries

Synthetic data Synthetic data is artificially generated data used for training
machine learning models. The data can be generated by a variety of methods,
including simulation, extrapolation, and statistical sampling. The use of synthetic
data can be useful in cases where obtaining real-world data is difficult or impossible.

Data Augmentation Data augmentation is a technique used to artificially in-
crease the size of a dataset by generating new data from existing data. This can
be done, for example, by applying random transformations or perturbations to the
data, or by generating new samples from a generative model. The goal of data
augmentation is to reduce overfitting by providing the model with more diverse
training data.

Weight Decay Weight decay is a regularization technique in machine learning
that penalizes large weights in the model to reduce overfitting and improve the
generalization performance. It involves decreasing the magnitude of the weights
over time, effectively reducing the complexity of the model and preventing it from
memorizing the training data.

Dropout Dropout is a regularization technique used in deep learning to prevent
overfitting by randomly dropping out neurons during training. This random
dropout creates a different network architecture for each training iteration, forcing
the network to learn more robust features.

Early Stopping Early stopping is a method in deep learning used to prevent
overfitting by monitoring the performance of the model on a validation set, and
stopping training once the performance on the validation set starts to degrade.
This helps to ensure that the model is not overfitting to the training data.

Lottery Ticket Hypothesis The lottery ticket hypothesis is a concept in deep
learning that suggests that sparse, randomly initialized neural networks can be
trained to perform as well or better than dense networks. The hypothesis states
that a small, well-initialized subnetwork of a larger network can be trained to
perform well if it has the right connections and weights.

Ensemble Models Ensemble models are machine learning models that combine
the predictions of multiple individual models to improve overall performance. The
idea behind ensemble models is that by combining the predictions of several models,
the strengths of each model can be leveraged to create a more robust overall system.
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Transfer Learning Transfer learning is the process of using a pre-trained model
on one task as a starting point for training on a different, but related, task. The
idea is that the pre-trained model has already learned relevant features for the new
task, allowing for faster and more effective training.

Regularization Regularization is a technique used in machine learning to prevent
overfitting by adding a penalty term to the loss function during training. The goal
is to encourage the model to learn a simpler and more general representation of
the data.

Generalization Performance Generalization performance refers to a machine
learning model’s ability to make accurate predictions on new, unseen data. It is
the ability of the model to generalize from the training data to unseen data, and is
an important consideration in the design of machine learning algorithms.

Pruning Pruning is a method used to reduce the size and complexity of a machine
learning model. The process involves removing unimportant connections or neurons
from the model to make it more efficient and improve its generalization performance.

Bayesian Methods Bayesian methods are a family of machine learning algorithms
that use Bayesian statistics to model the underlying relationships between inputs
and outputs. Bayesian methods allow for the incorporation of prior knowledge and
the estimation of uncertainty in the model.

Frequentist Methods Frequentist methods are a family of machine learning
algorithms that use frequentist statistics to model the underlying relationships
between inputs and outputs. It makes predictions on the underlying truths of the
experiment, using only data from the current experiment (the parameters are fixed
but unknown). Frequentist methods assume the observed data is sampled from
some distribution. For example, in logistic regression the data is assumed to be
sampled from Bernoulli distribution, and in linear regression the data is assumed
to be sampled from Gaussian distribution.

Artificial General Intelligence (AGI) Artificial General Intelligence (AGI) is
a field of artificial intelligence focused on the development of machine systems that
have general cognitive abilities, including the ability to understand or learn any
intellectual task that a human being can. It is a form of artificial intelligence that
goes beyond narrow AI and aims to develop machines that can perform a wide
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range of tasks.

L1 Norm Regularization (Lasso) L1 norm regularization, also known as Lasso,
is a type of regularization in machine learning that adds a penalty term to the
loss function that is proportional to the absolute value of the coefficients of the
model. This regularization technique encourages the model to have sparse solutions,
meaning that some of the coefficients will be exactly zero, effectively reducing the
number of features the model uses. This can improve the interpretability and
stability of the model, but may also reduce its accuracy.

L2 Norm Regularization (Ridge) L2 norm regularization, also known as
Ridge, is a type of regularization in machine learning that adds a penalty term
to the loss function that is proportional to the square of the magnitude of the
coefficients of the model. This regularization technique encourages the model to
have small, but non-zero coefficients, and helps to prevent overfitting by reducing
the magnitude of the coefficients. The regularization term can be controlled by a
hyperparameter, which determines the strength of the penalty, and the optimal
value of this hyperparameter must be determined through cross-validation.

13
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Chapter 3

Dealing with Small Data in
Machine Learning

In this chapter, we embark on a critical exploration of the myriad approaches to
address the unique challenges posed by small sample sizes in machine learning.
The genesis of this chapter lies in my quest to find more effective means of training
predictive models capable of learning efficiently from limited data. My journey
began with an in-depth exploration of batch normalization and gradually evolved
into an extensive study of Self-Supervised Learning (SSL), culminating in several
papers ([1], [2], [3]) on these subjects.

Realizing a gap that there wasn’t a single, consolidated source summarizing the
myriad methods and historical perspectives on learning from small samples led
to the creation of this chapter; a chapter that started as a necessity for my work
but grew into something much larger—a detailed survey and review chapter. This
chapter, therefore, is more than just a narrative thread in my dissertation; it is a
compilation of a journey, an exploration, and a guide, setting the stage for the deeper
and more focused explorations while laying the foundational groundwork, essential
for understanding the advanced techniques and specific applications discussed in
subsequent chapters.
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In the following sections, we navigate through the complexities of overfitting and
generalization, and how these are magnified in small data contexts. The chap-
ter then unravels a comprehensive suite of approaches, encompassing techniques
like ensemble methods, transfer learning, parameter initialization, loss function
reformulation, and regularization techniques. We also discuss innovative methods
such as data augmentation, synthetic data generation, and various optimization
techniques, all tailored to enhance learning from small datasets. The exploration
extends to cutting-edge concepts like physics-informed neural networks, unsuper-
vised, semi-supervised, and self-supervised learning, along with zero-shot, one-shot,
and few-shot learning, metalearning, and the harnessing of model uncertainty.
Furthermore, we delve into the realms of active learning, self-learning, multi-task
learning, symbolic learning, hierarchical learning, and knowledge distillation-based
learning, each offering unique insights and solutions to the small data challenge.

Additionally, this chapter addresses specific challenges such as dealing with imbal-
anced data and anomaly detection as a small data problem, further illustrating the
multifaceted nature of these challenges in machine learning. These methods serve as
the building blocks for the sophisticated approaches examined in Chapters 4 and 5,
specifically focusing on imbalanced data and the impact of self-supervised learning.
By the end of this chapter, readers will gain a comprehensive understanding of the
fundamental principles and techniques that are pivotal in harnessing the power of
small datasets for machine learning.

In sum, this chapter is not an isolated exploration but a vital piece of the puzzle,
intricately linked to the advanced techniques and case studies elaborated in Chapters
4 and 5. Therefore, it serves as a narrative thread that weaves through the entire
dissertation, setting the stage for a deeper dive into specific applications and
methodologies in machine learning when confronted with limited data.

3.1 Introduction

Recent advances in implementing deep learning (DL) techniques have demonstrated
that modern algorithms and complex architectures can enable machines to perform
tasks with a level of proficiency similar to that of humans. However, it is also
evident that a large amount of training data plays a crucial role in the success of
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DL models.

It is a well known argument, both theoretically and empirically, that for a given
problem, with a large enough dataset, different algorithms tend to perform similarly.
It is important to note that this large dataset should contain meaningful information
rather than noise, in order for the model to effectively learn from it. The access
to large datasets has contributed to the dominance of companies such as Google,
Meta, Apple and many more in AI research and product development. Although
traditional machine learning (ML) typically requires less data than deep learning,
the performance of both traditional ML and DL models is similarly impacted by
the availability of large datasets. Figure 3.1 illustrates the performance gap of
traditional ML to DL models, with the increasingly growing amounts of data, and
proposes a qualitative estimation of the gap between large to small companies.
Figure 3.1 basically says that with limited data, traditional algorithms exhibit
marginally superior performance over deep learning. As the volume of data increases,
deep learning outperforms traditional methods significantly.

Figure 3.1: A qualitative estimation of performance comparison between traditional ML
and deep learning, as well as the performance gap between large to small companies [25].
With limited data, traditional algorithms exhibit marginally superior performance over
DL. As the volume of data increases, DL outperforms traditional methods significantly.
The red line in this chart indicates the performance of traditional ML algorithms as the
amount of data increases. It shows that traditional algorithms start off with a higher
performance than DL with small data sizes, but their performance improvement plateaus
as the amount of data grows, unlike DL which continues to improve.

Unlike traditional machine learning, human beings are capable of learning about
new objects with just a few examples using various approaches, such as relying
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on prior experience, comparing known and unlabeled examples, and internalizing
semantic descriptions of the object in question. The human learning process, even
at early stages, is of particular interest for machine learning, as a ML model initially
lacks any prior experience [26]. If we can develop ML models that learn in a
similar way, we may be able to approximate human-like learning with small data.
Many ML techniques for handling small data are inspired by the human approach,
such as data-driven approaches that use prior experience for low-shot problems or
learn how to learn tasks, or approaches that replicate human recognition of objects
with a few examples through human labeling or semantic description.

The distinction between small and large datasets can be examined further within
the context of the Probably Approximately Correct (PAC) model [27]. The PAC
model aids in determining the probable characteristics that an algorithm can learn,
taking into consideration factors such as sample complexity, time complexity, and
space complexity for the algorithm.

PAC basically links the sample size to error rates and to the general success
probability, and says that given data X, we expect our algorithm A to output a
correct (up to error ✏) classification hypothesis with probability of at least 1� �

(� : failure probability, well-distributed over X). The sample complexity then
becomes a function of ✏ and � : m(✏, �) = S (required examples). This means that
for arbitrarily high probability and low error (arbitrarily small � and ✏), we can
always find a learning algorithm A and a sample size S that achieves that high
probability and low error.

The distinction between small and large datasets in the PAC framework is thus
related to the model’s success probability and error rates in generalizing from
the training data to new, unseen data. The distinction between small and large
datasets is a critical factor to consider in the design of PAC models, as it affects
the generalization performance of the model and the amount of data required to
train it. In the PAC framework, a model is considered to have “learned” a concept
if it can correctly (up to an acceptable error rate) classify unseen examples with
high probability, under certain assumptions about the distribution of the data.
Importantly, the PAC framework provides explicit bounds for the sample sizing as
a function of the learner’s success probability as well as the expected error rate.
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Altogether, if the problem is learnable, then satisfying the PAC’s bounds on the
sample sizing would guarantee the learner’s convergence (an event with a certain
probability) to a hypothesis that (approximately) classifies the data.

In other words, if the concept is simple and there is a large amount of data available,
then a smaller sample size may be sufficient for the model to generalize accurately.
However, if the concept is complex and there is a small amount of data, a larger
sample size may be required for the model to generalize accurately.

3.2 Handling Small Data

One crucial question that is often overlooked is why we need for ML to address
the problem at hand. Consider a scenario where we want to predict the distance
a ball will travel when thrown with a velocity (v) at an angle (✓). Using the
principles of projectile motion from high-school physics, we can use the equations
to precisely determine the pathway of the ball. In this case, the equation can be
considered the model or representation for the task, with the variables v , ✓, and
g (the gravitational acceleration) serving as important features. In situations in
which exist a few features and a clear understanding of their impact on the task, it
is possible to develop a precise analytical model and solve it instantly (mostly by
hand).

Now consider a different scenario in which we want to predict a stock price of
a company we would like to invest in. In this case, it is difficult to grasp the
full range of factors that might influence stock prices. Without a true model, we
can use historical stock prices and various other features, other stock prices, and
market sentiment, to discover the latent relationships using a ML algorithm. This
illustrates a situation where it can be challenging for humans to understand the
intricate relationships between a large number of features, but machines can easily
capture them by exploring large amounts of data.

In order to build an effective model, it is generally desirable to minimize both
bias and variance. This involves creating a model that not only fits the training
data well, but also generalizes well to test or validation data. There are various
techniques that can be used to achieve this goal wherein training with a larger
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dataset is usually the first one.

Imagine a dataset with a distribution resembling a sinusoidal wave. The chart at
the upper left corner of Figure 3.2 shows that there are multiple models that are
able to fit the data points well. However, many of these models overfit and do not
generalize well to the entire dataset.

In DL, overfitting refers to a situation where a model has learned the training data
too well, to the point where it memorizes the data and is not able to generalize
to new, unseen data. In other words, the model has a high accuracy on the
training data, but poor accuracy on the test data. This occurs because the model
is too complex and has too many parameters, so it captures the noise and random
variations in the training data.

On the other hand, generalization refers to the ability of a model to accurately
make predictions on new, unseen data that is drawn from the same distribution as
the training data. It is a key aspect of ML, as the goal is to build models that can
generalize to new data, rather than just memorizing the training data.

As the amount of data increases, as shown in the charts in Figure 3.2, the number
of models that can fit the data decreases. As the number of data points continues to
increase, the true distribution of the data is captured more accurately. This example
illustrates how a larger dataset can help a model uncover the true underlying
relationships.

Another example of a complex task that is challenging for humans but can be easily
tackled by ML algorithms is identifying spam emails. Manually developing rules
and heuristics to distinguish spam emails can be time-consuming and difficult to
maintain. In contrast, ML algorithms can easily learn these relationships from the
data and perform the task more accurately and efficiently. This ability to learn
relationships from data rather than relying on explicit rules has contributed to the
widespread adoption of ML in a variety of fields and industries.

Deep neural networks have millions of parameters to learn and this means we need
a lot of iterations before we find the optimal values. If we have small data, running
a large number of iterations can result in overfitting. Large dataset helps us avoid
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Figure 3.2: Any model can “fit” a single data point (as seen in the upper left corner).
As we have more points, less and less models can reasonably explain them altogether. The
more data points we have, the better the model capacity to uncover the true underlying
relationships; hence less hypotheses we need. As the number of data points continues to
increase, the true distribution of the data is captured more accurately (source: [28]).

overfitting and generalizes better as it captures the inherent data distribution
more effectively. Due to close relationship of overfitting (caused by the small size
of dataset) with the strategies to overcome the lack of enough sample of data
points, we will elaborate on the techniques to reduce overfitting (thus enabling
generalization) in the following section.

3.2.1 Overfitting and Generalization

The utilization of deep neural networks requires the learning of a vast number of
parameters, thus requiring a substantial number of iterations for the optimization
course of these parameters. However, in instances where the amount of data that
a ML model is trained on is limited, it is more prone to overfitting (especially

21



3.2. Handling Small Data

when subject to a high number of iterations). This is because there is less feature
information to learn from, so the model may end up fitting to the noise or random
fluctuations in the training data rather than the underlying pattern. Conversely,
utilizing a dataset of ample size can aid in preventing overfitting and yield better
generalization by effectively capturing the underlying distribution of the data. As a
result, the model may perform well on the training data but poorly on new, unseen
data (i.e., when tested/validated).

Reducing overfitting is a crucial step in the training of neural networks as it ensures
that the model generalizes well to unseen data. Overfitting can occur when a model
is too complex and has seen too little data. To combat this issue, there are several
techniques that can be employed from both a dataset perspective and a model
perspective.

From a dataset perspective, one effective technique for reducing overfitting is to
acquire more labeled data. The more data the model is trained on, the more
robust it will be to overfitting. Another technique is to use Data Augmentation
and generate synthetic data [29]. This technique allows for the creation of new
data points from existing ones, which helps to diversify the training set and reduce
overfitting. Additionally, using labeled data from related domains for pretraining
via Transfer Learning [30] can be beneficial. By using a model pre-trained on
related data, the model will have a better “understanding” of the underlying data
distribution, reducing overfitting. Lastly, leveraging unlabeled data for pretraining
via Self-Supervised Learning [31] can be a useful technique. By training the model
on unlabeled data, the model can learn useful representations of the data, which
can be fine-tuned on the labeled data, thus reducing overfitting.

From a model perspective, reducing overfitting can also be achieved by adding
regularization to reduce complexity [32]. L2 penalty, weight decay, dropout, and
early stopping are all techniques that can be used to reduce model complexity
and prevent overfitting [33]. Another technique is to use smaller models, such
as the lottery ticket hypothesis [34] and knowledge distillation or to use simpler
models that require fewer data points. Lastly, building ensemble models can also
be an effective technique for reducing overfitting. Ensemble models [35] combine
the predictions of multiple models, which can help to smooth out any overfitting
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that may have occurred in individual models (see 3.3.4 for more details regarding
ensemble techniques).

In conclusion, reducing overfitting is a crucial step in the training of neural
networks, and there are several techniques that can be employed from both a
dataset perspective and a model perspective to achieve this goal. We will cover the
techniques to reduce overfitting in detail in the following sections.

Recent research [36] has been studying the effect of pruning on generalization
performance and the findings are intriguing. Pruning is a technique to combat
overfitting, which is when a model learns the training data too well, including
its noise and outliers, to the detriment of its performance on unseen data. By
removing some of the weights, pruning simplifies the model, which can help it to
generalize better to new data. It has been known for some time that pruning,
or producing smaller models, can boost generalization performance. However,
other studies have shown that larger, overparameterized models can also improve
generalization performance, as seen in double descent and grokking studies. This
raises the question of how to reconcile these seemingly contradictory observations.

[36] have found that the reduction of overfitting due to pruning can be partly
explained by the improved training process. Pruning involves more extended
training periods and a replay of learning rate schedules which can contribute to
improved generalization performance. Figure 3.3 illustrates that a pruned model
can achieve better generalization performance, not only because of its reduced
complexity but also due to the improved training dynamics such as extended
training periods and learning rate adjustments. This effect is enhanced in the
presence of noisy data, where pruning helps the model to ignore the noise and
focus on the underlying patterns, leading to a better generalization on the test
data. Additionally, when applied to noisy datasets, the generalization performance
improvements due to pruning can be explained by a larger loss on noisy training
examples.

Setting larger loss function values on noisy training examples is beneficial because
pruned models don’t try to fit these noisy examples, which adds a regularizing
effect. This is somewhat similar to reducing the width of the layers. This is a new
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Figure 3.3: Improved training caused by prunning might be responsible for better
generalization performance (source: [36]). The blue line represents the pruned model
which initially shows improved generalization (lower test error). The retraining and
learning rate adjustments during pruning help the model to perform better on test data.
The orange line (dense) remains flat across the pruning strength, indicating that the
unpruned model’s performance does not change with respect to the percentage of weights
remaining, as it is not subjected to pruning. The dotted line shows that an improved
training procedure can mimic the effects of pruning, leading to a similar generalization
performance without actually reducing the model’s complexity. This suggests that it’s
not just the act of pruning that improves performance, but also the associated training
techniques. The augmented area suggests that there may be additional methods or data
augmentation techniques at play that further improve the generalization performance
beyond just pruning.

research area and the findings are very promising, and it will be interesting to see
how the research on this subject progresses in the future.

Model averaging is another technique that can be used to mitigate the risk of
overfitting and improve generalization performance by combining multiple models.
This is achieved by taking the mean or weighted average of the prediction output
of each model. While this approach has been shown to be effective in reducing
variance and improving generalization, it is important to consider the potential
drawbacks, such as the need to maintain and evaluate a large collection of models,
which can be computationally expensive and challenging to deploy in a production
system.
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In terms of generalization, [37] demonstrates that when training neural networks on
small synthetically-generated datasets (commonly referred to as algorithmic datasets
– a collection of data specifically designed to evaluate the performance of neural
networks on tasks that involve symbolic and algorithmic reasoning), unexpected
patterns of generalization occur more frequently and drastically compared to
datasets obtained from natural sources, even when the performance on the training
set is not affected. In [37], as seen in Figure 3.4, the authors show that long after
severely overfitting, validation accuracy can sometimes begin to suddenly increase
from “chance” level toward perfect generalization, leading to a phenomenon called
grokking by the authors.

Figure 3.4: A dramatic example of generalization far after overfitting on an algorithmic
dataset (a collection of data specifically designed to evaluate the performance of neural
networks on tasks that involve symbolic and algorithmic reasoning). The red curves show
training accuracy and the green ones show validation accuracy. Training accuracy becomes
close to perfect at < 103 optimization steps, but it takes close to 106 steps for validation
accuracy to reach that level, and we see very little evidence of any generalization until
105 steps (source: [37]).

Another technique to combat overfitting caused by small datasets is regularization,
that works by adding a penalty term to the model’s cost function that discourages
large weights [38]. This helps to constrain the model and make it simpler, which
can prevent it from fitting to the noise in the training data (see 3.3.8 for more
details on regularization).
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We will cover some of these techniques in detail, mostly the ones from a (small)
dataset perspective, in the following sections.

3.3 Approaches to tackle small data problems

Small data refers to datasets with a small number of instances, labels, features,
or altogether. Dealing with small data poses a challenge in ML as it can lead to
overfitting, underfitting, and poor generalization. However, despite the demanding
theoretical bounds (e.g., PAC), there are various pragmatic approaches that can
be employed to address this challenge and improve the performance of ML models
on small data in practice.

Small data can manifest itself in various forms. In some cases, small amount of
data that is mostly labelled or unlabelled can be regarded as small data, while in
other cases large amount of data that is mostly unlabelled or the number of target
classes is partially known (anomaly/ outlier detection) can also be regarded as a
small data problem. One of the major challenges of working with small datasets is
that the samples may not accurately reflect the underlying distribution of data in
the population, leading to difficulties in generalizing the model’s performance to
new, unseen data.

A small and largely unlabeled dataset is the most infamous version of small data
problem wherein both the size of data itself and the labels are not enough to build
a reliable model. This situation can pose significant challenges for ML models. The
limited amount of data may not provide sufficient information for the model to
accurately learn the underlying relationships and patterns in the data. Additionally,
the lack of labels can make it difficult for the model to learn from the data, as it
lacks the guidance provided by explicit class assignments. This can lead to poor
generalization performance on unseen data, as the model may overfit to the limited
and potentially noisy examples in the dataset. To mitigate these issues, it may
be necessary to carefully select and preprocess the available data, and potentially
incorporate additional sources of information, such as domain knowledge.

In summary, there are several approaches that can be employed to deal with
small data in machine learning, including regularization, cross-validation, transfer
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learning, and data augmentation. Each approach has its own strengths and
limitations, and the most appropriate approach will depend on the specific context
and goals of the ML task. In the following sections, a few potential approaches
that may be useful in this situation will be elaborated.

3.3.1 Data selection and preprocessing

Carefully selecting and preprocessing the available data can help to ensure that the
model is able to learn from the most relevant and informative examples. This may
involve removing noisy or irrelevant data points, or aggregating or synthesizing
additional data to augment the available dataset.

Outliers can have a huge impact on the model and should be identified and removed
carefully – overall, it is argued removing the impact of outliers is essential for
getting a sensible model with a small dataset. In some cases, outliers could even
assist rather than harm the model trained with small datasets [39].

It is hard to avoid overfitting with a small number of observations and a large
number of predictors. There are several approaches to feature selection, including
analysis of correlation with a target variable, importance analysis, and recursive
elimination. It is also worth noting that feature selection will always benefit from
domain expertise.

In some cases, the dataset at hand may not exhibit the “small dataset effect”,
despite its size, if its impact on the learning task is good enough. After all, not all
the examples (observations) are equally important and helpful for the model to
learn the pattern and generalize over unseen data. Finding the most useful portion
of a larger dataset, also known as coresets, is another active research area called
dataset prunning, in which identifying coresets that allow training to approximately
the same accuracy as attainable with the original data.

When aiming to achieve a specific target model performance with a limited training
data, the question arises: What should be the size of the training subset to achieve
a certain performance ? There are a number of different methods (including a prior
distribution in Bayesian and frequentist methods that focus on estimation rather
than testing) proposed to determine meet this data size requirements [40] [41].
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In a similar context, [42] proposed a simple and effective sample size prediction
algorithm that conducts weighted fitting of learning curves.

These works attempt to identify examples that provably guarantee a small gap in
training error on the full dataset [43]. In this context [44] proposed a scoring
method that can be used to identify important and difficult examples early in
training, and prune the training dataset with insignificant decline in test accuracy
(the examples that can be removed from the training data without hampering
accuracy). [44] found out that even at initialization, 50% of the examples can be
prunned from the CIFAR-10 dataset without affecting accuracy, while on the more
challenging CIFAR-100 dataset, 25% of examples can be prunned resulting in only
a 1% drop in accuracy.

3.3.2 Incorporating domain, prior and context knowledge

Human conceptual knowledge has proven difficult for machine systems to replicate
in two ways. Firstly, humans are capable of learning new concepts from only a few
examples, whereas ML algorithms typically require significantly more examples
to perform similarly. This one-shot learning ability allows humans to easily grasp
the boundaries of new concepts and make meaningful generalizations, even in
the case of children. In contrast, many ML approaches, particularly DL models,
require large amounts of data to achieve high levels of performance on tasks such
as object and speech recognition. Secondly, human conceptual knowledge tends to
be more complex and versatile than that of machines, allowing for the creation of
new exemplars, the parsing of objects into parts and relations, and the creation of
abstract categories based on existing ones.

One of the key challenges in artificial intelligence and ML is replicating the ability
of humans to learn new concepts from just a few examples and to develop abstract,
flexible representations. While current ML approaches often require large amounts
of data, especially in the case of deep learning, humans are able to learn new concepts
and create abstract categories with relatively minimal exposure. Additionally,
human learning produces rich representations that can be applied to a wide range
of functions, including generating new exemplars and parsing objects into parts
and relations, while ML approaches often do not have this capability. A central
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question in this field is how to explain these differences in learning between humans
and machines, and how to bring the two approaches closer together, particularly
given the trade-off between the complexity of a model and the amount of data
required for good generalization.

Given this context, Artificial General Intelligence (AGI) may be seen as a potential
solution to bridge the gap between human and ML by finding a balance between
model complexity and data requirement. AGI [45] refers to a field of AI research
that aims to develop algorithms that can perform a wide range of cognitive tasks
that are typically performed by humans, including perception, reasoning, learning,
and problem solving. The goal of AGI is to create machines that can learn and
generalize to new situations, similar to how humans can. The trade-off between the
complexity of a model and the amount of data required for good generalization is
one of the challenges in achieving AGI. In order to bring the two approaches closer
together, researchers are exploring various methods, including developing more
sophisticated algorithms, increasing the amount of data available, and improving
the interpretability of AI models. AGI has the potential to play a significant role in
bridging this gap by enabling algorithms to learn and generalize more like humans.

If there is domain knowledge available that could be used to inform the model’s
learning process, it may be beneficial to incorporate this information into the model’s
training. For example, this could involve providing the model with additional
constraints or regularization terms to help guide its learning. One way to address
the issue of data scarcity is to utilize domain knowledge to restrict the inputs to
the model, thereby reducing dimensionality.

Another naive approach would be using rule-based learning, wherein we define rules
to arrive conclusions rather than training a model on historical data points. It is
also one of the most practical approach to inject weak supervision to the learning
process, especially while labelling additional data points (e.g. domain experts
write labeling functions that express arbitrary heuristics, which can have unknown
accuracies and correlations [46]). Moreover, in order to alleviate the labor-intensive
process of manually collecting ground truth labels for ML applications, aggregating
multiple sources of weak supervision that is powered by rule based learning reducing
the data-labeling bottleneck [47].
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Creating rules for labeling data that accurately reflect the characteristics of the
data being analyzed usually involves several steps. We start with generating a
hypothesis about what the rules should be based on the characteristics of the data
(e.g., if the patient’s fever is above x and oxygen level is below y, the patient is
diagnosed as z). Next, we observe the data to validate the hypothesis and ensure
that it accurately reflects the characteristics of the data (using the small sample of
observation to validate the rules). Then, we start with simple rules based on the
observations made during this process. Finally, we improve the rules over time as
more data becomes available and the rules are refined.

The same approach can also be used to reduce false negatives (e.g., choose positive
labels when two models disagree) in scenarios such as predicting whether a patient
has cancer (it is better to make a mistake telling patients that they have cancer
than to fail to detect cancer). Similarly, in order to reduce false positives, choosing
negative labels when two models disagree can also be used.

Incorporating domain knowledge through rule-based models have certain limitations.
One such limitation is the inability to generalize to unseen data, which can make it
difficult to apply these models to new situations. Additionally, it can be challenging
to create rules for complex data, and there is no feedback loop to continuously
improve the model. Therefore, combining a rule-based model with a ML model may
be a more effective approach for data labeling, as it allows for the incorporation of
domain expertise while also leveraging the ability of ML models to improve and
scale with new data. In order to balance the trade-off between false negatives and
false positives, we can decide which type of error to prioritize when combining
these two models as briefly mentioned above.

Similarly to context injection, a method of incorporating metadata or contextual
information into a ML model in order to improve its accuracy on a specific problem,
can also be applied. This approach involves augmenting traditional ML models
with contextual information that may be available in the data and can be applied
to a wide range of problems, and can be particularly effective when metadata or
contextual information is available that is relevant to the task being addressed. The
incorporation of contextual information can be achieved through various methods
including training a model from scratch with context as an input, using end-to-end
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approaches that consider context, or augmenting a pre-trained model by combining
context and prediction distributions to make a final prediction.

In another approach called Bayesian program learning (BPL) [48], applying human-
level concept learning through probabilistic program induction, the authors con-
struct a model that builds concepts from parts by leveraging prior knowledge in the
process. This led to human-level performance and outperforms the DL approaches.

Implicit or explicit sources of domain-knowledge, represented either as logical or
numeric constraints (often provided with the help of modification to a loss function)
can also be used at the model-construction stage by DNNs as explored in detail by
[49]. Implicit Composite Kernel (ICK) [50] is another flexible method that can be
used to include prior information or known properties (e.g., seasonality) in neural
networks.

3.3.3 Picking the right approach

Deep learning approaches often require a large amount of data to be trained,
whereas shallower neural networks and traditional ML methods may require less
data and can outperform deep neural networks in scenarios with limited data. In
machine learning, small data sets often require models with low complexity or
high bias to prevent overfitting. In addition to Support Vector Machines (SVM),
decision trees and Gaussian processes (GP), Bayesian methods such as the naive
Bayes classifier and ridge regression, are often the best choice for very small data
sets, although the results may depend on the choice of prior knowledge. SVM has a
particularly good generalization performance in the case of high-dimensional data
and a small set of training patterns, without using non-kernel methods [51].

The Naive Bayes algorithm, which is based on the assumption of conditional
independence between features given the class variable, is a simple classifier that
performs well on small data sets. Linear models and decision trees (or ensembles of
them, also known as random forests), which also have a relatively small number of
parameters, can also be effective on small data sets. In general, models that have
fewer parameters or strong prior assumptions are more suitable for small data sets.

Bayesian neural networks (BNNs, Bayesian NNs) also offer a probabilistic inter-
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pretation of DL models by inferring distributions over the models’ weights. The
model offers robustness to over-fitting, uncertainty estimates, and can easily learn
from small datasets [52]. As it is the case with Naive Bayes algorithm, Bayesian
algorithms naturally incorporate a form of regularization (the prior), hence less
prone to over-fitting the small dataset.

Another study, Modern Neural Networks Generalize on Small Data Sets [53],
utilizes a linear program to decompose fitted neural networks into ensembles of
low-bias sub-networks, which are found to be relatively uncorrelated. This process,
similar to a random forest, leads to an internal regularization effect that contributes
to the surprising resistance of neural networks to overfitting, even when trained on
a small number of examples. In experiments that contain a much smaller number
of training examples, deep neural nets are shown to achieve superior accuracy
without overfitting. This study argues that building your networks deep enough
would let you take advantage of this ensemble effect on small datasets.

In another study [54], there has been some success using stacked autoencoders
to pre-train a network with more optimal starting weights, which helps avoiding
local optima and other pitfalls of a bad initialization. The same study also claims
that fully connected DNN that consists of 3 or more hidden layers shows its
advantage over shallow neural network and support vector machine by achieving
higher prediction accuracy and better generalization performance.

[55] empirically shows that, by issuing set-valued classifications, Naive Credal
Classifier-2 (NCC2) is able to isolate and properly deal with instances that are
hard to classify in low data regimes (on which naive Bayes’ accuracy considerably
drops), and to perform as well as naive Bayes on the other instances.

In a nutshell, altering the architecture of the model can potentially improve its
ability to learn from a limited amount of data.

3.3.4 Ensemble methods

Combining the predictions of multiple models, either by averaging or through a
voting process, can often improve the overall performance of the model. This can
be particularly useful in the case of small and largely unlabeled datasets, where
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individual models may be prone to overfitting or underfitting.

Ensemble techniques [35], which involve aggregating the predictions of multiple
models, can often result in improved accuracy and reduced variance compared to
individual models. This can be achieved through various methods such as weighting
the predictions of different models or using different values of hyperparameters for
the same model. Such techniques can be particularly useful in situations where
data is limited, as they can help mitigate overfitting and increase generalizability.
It is also advisable to seek input from domain experts when implementing ensemble
methods, as they may be able to provide valuable insights on the appropriate
weighting of different models or the selection of suitable hyperparameters.

In ensemble learning, multiple models are combined to make a final prediction.
Two common approaches in ensemble learning are bagging and boosting. Bagging
(bootstrap aggregation) involves generating random samples of the training dataset
with replacement, running a learning algorithm on each sample, and then taking
the mean of all predictions. Boosting is an iterative method that adjusts the weight
of each observation based on the previous classification. This approach aims to
reduce bias error and build strong predictive models.

3.3.5 Transfer learning

If there are similar tasks or datasets for which labeled data is available, it may be
possible to leverage this data to improve the performance of the model on the small
and largely unlabeled dataset. This can be done through transfer learning, where
a pre-trained model is fine-tuned on the new dataset. Transfer learning [30], also
known as domain adaptation, is basically the leveraging the knowledge of a neural
network learned by training on one task to apply it for another task (Figure 3.5).
The learned weights of a model that was pre-trained on one dataset are used to
‘bootstrap’ training of early or all but the final layer of a modified version of the
model applied to a different dataset.

In transfer learning, the knowledge gained from a source task is utilized to facilitate
and accelerate the learning process for a new target task. This technique allows
faster training, whereby the model just learns the weights of the last fully connected
layers, then applies a low learning rate with finely tuned adjustment to the entire
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Figure 3.5: In traditional approaches, a separate model is created for each task,
as illustrated in the figure on the left where three distinct models are used for three
different tasks. In contrast, transfer learning utilizes knowledge acquired from source
tasks to enhance the performance of the target task, as depicted in the figure on the right
(source: [56]).

model’s weights. This is achieved by two main concepts: Freezing and fine-tuning.
It is a common strategy to freeze the layers in neural-networks that are supposed to
be leveraged from the pre-trained model ‘as is’, and no weight updates are expected
on these layers. Freezing the weights for the initial layers of the network usually
gives better results on the smaller target set classes. [57] states that freezing the
first two to three layers of features results in a significant performance boost over
the baseline score, especially for smaller target set sizes under a thousand instances
per class.

In transfer learning, it is important to ensure that the weights trained on the source
task are relevant to the target task. If the weights are not relevant, transfer learning
may not be effective. It has been observed that the benefit of a pre-trained network
greatly decreases as the task the network was trained on diverges from the target
task [58]. For example, if the source task involves classifying horses and zebras
and the target task involves detecting benign and malign tumors, the weights from
the source task may not be useful for the target task. In order to obtain good
results, it is important to initialize the network with pre-trained weights that are
relevant to the target task.

One of the key challenges in using transfer learning techniques is to ensure that
the knowledge acquired from a source task is effectively transferred to a target
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task, while avoiding negative transfer between tasks that are not closely related.
Removing layers from a pre-trained model may also have negative effects, as it
can alter the architecture of the model and potentially result in overfitting. It is
therefore important to carefully consider the number of layers to include in the
model.

In computer vision, deep neural networks trained on a large-scale image classification
dataset such as ImageNet have proven to be excellent feature extractors for a broad
range of visual tasks such as image classification and object detection. The sample
illustration of transfer learning and details of a typical CNN architecture for image
recognition can be seen at Figure 3.6.

Another important observation is that the performance of ImageNet architectures
and the power of transferability across different datasets may differ given the type
of the network (e.g., VGG-19, ResNet) and the nature of the dataset (see Figure 3.7
for more details).

There are different forms of transfer learning:

Inductive transfer learning refers to the use of knowledge learned from one
task to improve the performance of another task with the same structure, but
with different data. It is commonly used in real-world settings and is effective
at improving the performance of the target task. This type of transfer learning
may involve multitask learning, in which the model is trained on multiple related
tasks, or self-taught learning, in which the model is trained on a large amount of
unlabeled data and then fine-tuned on a small labeled dataset [56].

Inductive transfer learning is particularly useful when the target task has a limited
number of labeled samples, as it allows the model to make use of the larger labeled
dataset in the source domain (labeled data from both source and target domains are
available for training). In order to induce the knowledge from the source domain,
it is necessary to have labels available in the target domain. Inductive transfer
learning is commonly used in real-world settings and is effective at improving the
performance of the target task.

In a recent study, entitled Simplified Transfer Learning for Chest Radiography
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Figure 3.6: Schematic representation of a Convolutional Neural Network (CNN)
architecture for image recognition [59]. The process begins with the input image, which
undergoes a series of convolutional layers with applied activation functions, followed by
max pooling layers to reduce dimensionality while retaining important features. This
sequence forms the convolutional backbone, which is crucial for feature extraction. The
extracted features are then flattened and fed into a dense hidden layer. The network
concludes with a classifier head, consisting of additional dense layers with ReLU activation
and a final SoftMax layer for output class probabilities. Each step in the architecture is
designed to progressively abstract and condense the image information into a form that
the model can use to make accurate classifications.

Models Using Less Data [61], the authors proposed an approach called supervised
contrastive (SupCon), and compared with transfer learning from a nonmedical
dataset. The models using the pretrained weights reduced label requirements
up to 688-fold and improved the area under the receiver operating characteristic
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Figure 3.7: The performance of modern CNN architectures on popular datasets differ
based on the nature of the datasets and whether the network is initialized from the
ImageNet checkpoints (finetuned) or trained from scratch with random initialization
(source: [60]).

curve (AUC) at matching dataset sizes. At the extreme low-data regimen, training
small nonlinear models by using only 45 chest radiographs yielded an AUC of
0.95 (non-inferior to radiologist performance) in classifying microbiology-confirmed
tuberculosis in external validation (see Figure 3.8 for more details).

Unsupervised transfer learning involves transferring knowledge between tasks
that are similar, but with different data, and in which both the source and target
tasks have unlabeled data. In some case, transfer learning without any labeled
data from the target domain is also known as unsupervised transfer learning.
Unsupervised transfer learning often involves techniques such as dimensionality
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Figure 3.8: Efficacy of CXR (chest X-Ray) specific networks utilizing supervised
contrastive (SupCon) learning compared to standard transfer learning from a non-medical
dataset (red), with a control group using a generic pretrained network (blue). Perfor-
mance is measured by the area under the receiver operating characteristic curve (AUC)
for detecting various Chest X-Ray (CXR) abnormalities (left graph) and specifically
tuberculosis (right graph). The SupCon approach, requiring significantly fewer labels,
matches or surpasses the performance of the transfer learning model at equivalent dataset
sizes, demonstrating up to a 688-fold reduction in label requirements. Notably, small
nonlinear models trained on as few as 45 chest radiographs achieved an AUC of 0.95,
comparable to radiologist assessment in identifying confirmed tuberculosis cases. Figures
are taken from [61].

reduction and clustering to identify patterns in the data. In order to achieve that,
we usually assume the existence of a common structure between source and target
and leverage this information to perform the transfer [62].

Transductive transfer learning (also known as domain adaptation) refers to
transferring knowledge between tasks with similar structure, but in which the
source and target tasks have different data and the source task has a large amount
of labeled data, while the target task has no labeled data (and usually following
different distributions). In another term, the source and target domains have the
same feature space while they can originate from different distributions. That is,
the learning algorithm knows exactly on which examples it will be evaluated after
training without any labelled samples in the target domain. This can become a
great advantage to the algorithm, allowing it to shape its decision function to match
and exploit the properties seen in the test set [63]. In this case, the model may
use domain adaptation techniques to align the distribution discrepancy between
domains in order to generalize the trained model to the domain of interest (adjust
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to the different data distribution in the target task).

3.3.6 Parameter initialization

Initialization of neural network weights is an important factor that can impact the
performance of a model during training. There are various methods for initializing
weights, such as using constant values, sampling from a distribution, or using more
sophisticated schemes like the so-called Xavier Initialization [64]. The authors
of [64] demonstrated that networks initialized with Xavier achieved substantially
quicker convergence and higher accuracy on the CIFAR-10 image classification
task.

The choice of initialization method can affect the reproducibility and convergence
speed of the neural network. The selection of initial values for the parameters of a
neural network can significantly influence its performance. Inadequate initialization,
such as random initialization of weights, may result in non-reproducibility and
inferior performance, while initializing with constant values may delay convergence.
Careful initialization can aid in learning with limited data, improve reproducibility,
and optimize the training.

In a study comparing the effects of different weight initialization strategies on the
performance of a CNN (Figure 3.9), it was found that initializing weights with
values drawn from normal distributions with variances inversely proportional to
the number of inputs into each neuron resulted in the best performance. The
network achieved a validation accuracy of over 99% and a final loss two orders of
magnitude smaller than networks initialized with weights set to zero (left plot on
Figure 3.9) or drawn from normal distributions with a standard deviation of 0.4
(middle plot on Figure 3.9). These results suggest that careful weight initialization
can significantly boost the convergence and performance of a neural network.

The effectiveness of transfer learning in dealing with small data problems can partly
be attributed to parameter initialization since we basically try to pick the right
initialization (initial checkpoints) pretrained on a similar but larger dataset. Hence
we can state that the initial state of the parameters can significantly impact the
optimization process, potentially leading to issues such as divergence, getting stuck
at saddle points or local minima, and requiring a larger amount of training data
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Figure 3.9: Comparative visualization of training loss trajectories using different weight
initialization strategies for a CNN on the MNIST dataset. Each subplot displays the
10-batch rolling average of the loss incurred during the training of a basic CNN on the
MNIST dataset, which consists of 60000 images of handwritten digits. The network
was trained for a total of 12 epochs with a batch size of 128 images for each weight
initialization strategy. The left plot shows the model with weights initialized to zero,
exhibiting high variability and poor convergence. The middle plot illustrates weights
initialized from a normal distribution with a standard deviation of 0.4, showing better,
yet suboptimal performance. The right plot demonstrates the superior performance of
weights initialized from a normal distribution with variance scaled inversely with the
number of neuron inputs, yielding the most stable convergence and significantly lower
loss. This strategy led to a network achieving over 99% validation accuracy and a notably
smaller final loss compared to the other two methods, underscoring the importance of
proper weight initialization in neural network training.(source: [65]).

for successful training. It is therefore important to carefully consider the initial
parameter values chosen for a model.

3.3.7 Loss function reformulation

In modern DL research, the categorical cross-entropy loss after softmax activation
is the method of choice for classification, that has not been questioned well enough.
A recent paper, DL on Small Datasets without Pre-Training using Cosine Loss
[66], claims to obtain around 30% increase in accuracy for small datasets when
switching the loss function from categorical cross-entropy loss to a cosine loss (1 —
cosine similarity) for classification problems.

The Cosine Loss function, which maximizes the cosine similarity between the
output of a neural network and one-hot vectors [67] indicating the true class,
has been found to be an effective method for learning from small datasets. This
method has been shown to be superior to cross-entropy loss, possibly due to the
inclusion of L2 normalization, which acts as a regularizer without the need for
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additional hyperparameters. Experiments have demonstrated the effectiveness of
this approach in small dataset scenarios (Figure 3.10).

Figure 3.10: Test accuracy comparison between different loss functions on two datasets:
(a) CUB (Caltech UCSD Birds) and (b) CIFAR-100. The graphs contrast the performance
of softmax with cross-entropy loss and cosine loss with variants one-hot and semantic
cross-entropy. The cosine loss, particularly with semantic cross-entropy, shows improved
learning efficiency on the CUB dataset, a small dataset scenario, highlighting its advantage
in scenarios with fewer samples per class. However, the performance gains are less distinct
in larger datasets like CIFAR-100, indicating the loss function’s relative impact based on
dataset size. These findings suggest that cosine loss, due to L2 normalization acting as an
implicit regularizer, is a robust choice for small datasets, outperforming the traditional
cross-entropy loss in such contexts (source: [66]).

The Hinge loss function [68] has also been demonstrated to be effective in situations
where resources are limited, allowing for the training of models on small datasets.
In particular, the squared Hinge loss has been found to have faster convergence and
improved performance compared to other variants of the Hinge loss. Additionally,
it has been shown to be more resistant to noise in both the training set labels and
the input space [69], [70].

3.3.8 Regularization techniques

Since the ML model trained with small data are prone to overfitting, regularization
techniques can be considered an effective way of dealing with limited data in
machine learning. Regularization is a technique used in ML to constrain the model
fitting process and reduce the effective number of degrees of freedom without
decreasing the actual number of parameters in the model. It is a popular method

41



3.3. Approaches to tackle small data problems

to penalize overly complex models and prevent overfitting (penalizes the coefficients
that cause the overfitting of the model), thus improving the generalizability of a
model.

The penalty term is based on the magnitude of the model parameters, and its
purpose is to discourage the model from fitting too closely to the training data. In
the context of linear regression, regularization involves adding a penalty term to
the cost function that is proportional to the magnitude of the coefficients. This
forces the model to prefer solutions with smaller coefficients, which can help to
mitigate overfitting and improve the model’s ability to generalize to unseen data.

L1 Norm (Lasso) and L2 Norm (Ridge) regularization are two popular regulariza-
tion techniques. In L1 regularization, the penalty term added to the cost function
is the summation of absolute values of the coefficients, making the models with
fewer non-zero parameters, which can be beneficial for the interpretability of model
performance in a production setting. On the other hand, in L2 regularization, the
penalty term added to the cost function is the summation of the squared value of
coefficients, making the models with more conservative (closer to zero) parameters,
which is similar to applying strong zero-centered priors to the parameters in a
Bayesian framework. Generally, L2 regularization is more effective for improving
prediction accuracy compared to L1 regularization.

Dropout [71] is a another method of regularization in which activations of
randomly selected neurons are set to zero during the training process. This
technique helps the network learn more robust features and reduces its reliance
on the predictive power of a small group of neurons. [72] applied this concept
to CNNs through the use of Spatial Dropout, in which entire feature maps are
dropped out instead of individual neurons.

Weight decay (with AdamW - Adam with decoupled weight decay [73]), explained
briefly in 3.3.12, is also one of the powerful techniques in regularization in which
proper weight decay tuning help validation accuracy sometimes suddenly begins to
increase from chance level toward perfect generalization, even long after severely
overfitting on small datasets.

Batch normalization [74] can also be regarded as a regularization method that

42



Chapter 3. Dealing with Small Data in Machine Learning

normalizes the activations in a layer by subtracting the batch mean and dividing by
the batch standard deviation. This technique is commonly used in the preprocessing
of pixel values and has been demonstrated to improve the performance of CNNs. In
addition to its regularization properties, batch normalization can also help stabilize
the training process and reduce the sensitivity of the network to the choice of
initialization parameters. [1] and [2] illustrated the impact of BN layer empirically
under various settings and showed that the final BN layer, when placed before
the softmax output layer, has a considerable impact in highly imbalanced image
classification problems as well as undermines the role of the softmax outputs as an
uncertainty measure. The impact of batch normalization on various settings will
be explored in detail in Chapter 4.

3.3.9 Data augmentation

Data augmentation (DA) is a common technique used to virtually increase the size
of a dataset by applying modifications to color, brightness, contrast, or adding
noise to the existing data [75]. While this technique can be effective in improving
the performance of ML models, it has the limitation of presenting the same samples
in different forms to the model, which may not have a significant impact on
generalization. Nevertheless, this can help to reduce overfitting. Due to its impact
on by providing more stable and smoother response to various variations of input
data, DA can even be considered as part of a broad set of regularization techniques
aimed at improving model performance [76].

It is widely accepted in the field of ML that increasing the amount of data available,
even if the quality is not optimal, can lead to improved model performance. Data
augmentation can be effective because it incorporates prior knowledge into the
dataset. The use of Generative Adversarial Networks (GANs) [77] and paired
samples [78] are also being explored as methods for data augmentation.

DA techniques can be divided into two categories: data warping (basic image
manipulations) and oversampling (Figure 3.11). Data warping techniques preserve
the label of the original data and include transformations such as geometric and
color manipulations, random erasing, adversarial training, and neural style transfer.
Oversampling techniques, on the other hand, create synthetic instances and add
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them to the training set. Examples of oversampling techniques include mixing
images, feature space augmentations, and the use of GANs. It is worth noting that
these categories are not mutually exclusive, and it is possible to combine techniques
such as GAN sampling with data warping methods like random cropping to further
increase the size of the training dataset [75].

Figure 3.11: Image augmentation techniques (source: [75]).

GANs take random noise from a latent space and produce unique images that
mimic the feature distribution of the original dataset. The model, based on image
conditional GANs, takes data from a source domain and learns to take any data
item and generalise it to generate other within-class data items. As this generative
process does not depend on the classes themselves, it can be applied to novel unseen
classes of data. There are a plethora of different types of GANs in the literature
that can be used to generate synthetic data [79]. The comparison of basic image
transformations and GAN-based augmentation can be seen at Figure 3.12.
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Figure 3.12: Basic image transformations [80] and GAN-based augmentation methods
[81].

Paired sample is a surprisingly effective data augmentation technique for image
classification tasks. In this technique, called SamplePairing [78], a new sample
from one image is synthesized by overlaying another image randomly chosen from
the training data (i.e., taking an average of two images for each pixel). This
simple data augmentation technique significantly improved classification accuracy
in various benchmark datasets .

DA can bring several benefits to ML models. One of the main advantages is the
improvement of model prediction accuracy. By increasing the amount of training
data available, models can be more robust and less prone to overfitting. Moreover,
data augmentation can help mitigate data scarcity, which can be particularly
useful in scenarios where data collection and labeling are costly. Additionally, data
augmentation can also help address class imbalance issues in classification tasks
by generating synthetic samples that help balance the distribution of classes in
the dataset. Overall, data augmentation can increase the generalization ability of
models, leading to better performance on unseen data.

As a result, DA can be used to address certain types of biases present in a small
dataset. However, it is not a comprehensive solution and cannot create new cate-
gories of data that are not already represented in the dataset. Nevertheless, it can
be effective in mitigating biases related to factors such as lighting, occlusion, scale,
and background. Additionally, DA can help to prevent overfitting by artificially
increasing the size and diversity of the dataset, which can have characteristics
similar to those of a larger dataset. This can be particularly useful when working
with limited data, as it can allow for the development of more robust models.
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With the majority of DA techniques being manually created, recently there are
various method developed to automate DA processes such as AutoAugment [82]
and Trivial Augment [83] that achieve significant improvements on benchmark
datasets.

3.3.10 Synthetic data generation

Synthetic data refers to artificially generated data that is designed to mimic
real-world data. It can be used in a variety of contexts to preserve privacy in
sensitive domains, such as medical and transactional data. Synthetic data can
also be generated using a small amount of well-labeled data, and there are various
techniques, such as SMOTE (Synthetic Minority Over-sampling Technique) [84],
ADASYN (Adaptive Synthetic Sampling Approach) [85], Variational AutoEncoders
(VAEs) [86], and the aforementioned GANs, that can be used to generate synthetic
data. The use of synthetic data can facilitate the processing of large amounts of
real-world data and accelerate the time and energy required for such processes.

SMOTE: One approach to addressing the issue of imbalanced data is generating
synthetic data, which can be accomplished through techniques such as Synthetic
Minority Over-sampling Technique (SMOTE) and Modified-SMOTE [87]. These
methods generate new data points by taking the minority class data points and
creating new points that lie between two nearest data points joined by a straight
line in the feature space. The number of nearest neighbors used for data generation
can be adjusted as a hyper-parameter based on the requirements of the problem.
However, it is important to note that generating synthetic data can increase the
risk of overfitting due to the presence of duplicate data.

One of the advantages of using SMOTE is that it mitigates the problem of overfitting
caused by random oversampling, as synthetic examples are generated rather than
replications of instances. Additionally, SMOTE does not result in the loss of
useful information. However, a disadvantage of using SMOTE is that it does not
take into consideration neighboring examples from other classes, which can result
in an increase in overlapping of classes and the introduction of additional noise.
Additionally, SMOTE may not be effective for high dimensional data (i.e. a dataset
with large number of attributes or features). According to [88], high-dimensional
problems are problems where the number of targeted features p is much larger
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than the number of observations N , often written p � N .

The M-SMOTE algorithm is a modified version of the SMOTE method [87], which
takes into account the underlying distribution of the minority class when generating
synthetic data. This approach involves classifying minority class samples into three
categories: security or safe samples, border samples, and latent noise samples.
Security samples refer to those data points that have the potential to improve the
performance of a classifier, while noise samples are those that may decrease the
performance of the classifier. Data points that are difficult to categorize into either
category are referred to as border samples. These categories are determined by
calculating the distances between minority class samples and the training data.
M-SMOTE then randomly selects a data point from the k nearest neighbors for
security samples, selects the nearest neighbor for border samples, and does not
generate synthetic data for latent noise samples.

Generative Adversarial Networks (GANs): Generative adversarial networks
(GANs) are a class of neural networks [89] that consist of two sub-networks:
a generator and a discriminator. The generator is responsible for synthesizing
output data, while the discriminator is responsible for distinguishing between the
synthesized data and real data. The generator and discriminator are trained to
compete against each other, with the generator attempting to generate outputs
that are indistinguishable from real data, and the discriminator trying to accurately
identify whether an output is real or synthesized. Through this process, GANs are
able to produce outputs that are highly realistic in appearance.

The use of GANs in data augmentation has received considerable attention due
to their ability to generate new training data that leads to improved classification
model performance. For instance, [90] used a large CT image database and trained a
GAN to transform contrast CT images into non-contrast images; and then used the
trained model to augment their training using these synthetic non-contrast images,
and managed to reduce manual segmentation effort and cost in CT (computer
tomograpght) imaging. In another study, [91] utilized public datasets and created
synthetic versions using various GAN models. The effectiveness of these synthetic
datasets as training data was evaluated through two methods. First, by comparing
the accuracy, precision, and recall of a decision tree classifier trained on the original
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data and one trained on the synthetic data. Surprisingly, in some instances, the
classifier trained on synthetic data performed better than the one trained on
the original data, indicating that GAN-based data augmentation can be a useful
strategy to prevent overfitting. [92] applied GAN to approximate the true data
distribution and generate data for the minority class of various imbalanced datasets
and compared the performance of GAN with multiple standard oversampling
algorithms.

[92] also argued that traditional methods such as zooming, cropping, and rotating
are effective for object classification but are not applicable in cases like time
series data presented in images where there is no singular object to classify. To
enhance the classification accuracy through the deep neural network’s capability to
handle intricate data, the authors proposed a GAN-CNN classifier combination
that showed a superior accuracy compared to the other ML methods [93].

The original GAN architecture, which utilizes multilayer perceptron networks in
the generator and discriminator networks, is able to generate acceptable images for
simple datasets like MNIST handwritten digits, but is not effective for producing
high quality results for more complex, high resolution datasets. There have been
numerous studies that have modified the GAN framework, including through the
use of alternative network architectures, loss functions, and evolutionary methods,
among others. These modifications have led to improvements in the quality of
samples generated by GANs. Several new GAN architectures, including DCGANs
[94], StackGAN [95], Progressively-Growing GANs [96], CycleGANs [97], and
Conditional GANs [98], have been proposed and have been found to have potential
applications in data augmentation.

3.3.11 Problem reduction

Problem reduction refers to the process of transforming a new or unknown problem
into a known problem that can be easily solved using existing techniques. This
approach has been demonstrated to be effective in scenarios where limited datasets
are available. For instance, sound classification problem can be transformed into
image classification by converting the voice clips into images (spectograms), which
can then be addressed using state-of-the-art computer vision architectures and
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techniques such as transfer learning. Research has shown that this approach can
produce satisfactory results even with small datasets [99].

Another example would be transforming the image classification problem into
two-stage problem such as object detection to extract patches and then image
classification problem to classify the patches into target classes. This approach can
be highly effective when there is not enough labelled images for the classification
problems. Imagine we are trying to detect if a solar panel array (a group of solar
panels that are connected together, collectively converting solar radiation into
electricity) is defect or not; and the dataset is composed of a list of solar panel
arrays each of which has only one class. Using problem reduction approach, rather
than classifying the entire array into a single class, we can do the followings:

1. Crop the panels from the array using image processing and segmentation
algorithms (Figure 3.13).

2. Using the original defect coordinates, assign positive defect label to the panel
that contains these coordinates; and assign negative class (no defect) to all the
other panels (now we have i, the number of defected panels, as the positively
labelled panels, versus (n� i), the complementary number of panels in an
array, as the negatively labelled panels) (Figure 3.14).

3. Train a classifier on this dataset to find out defect panels.

4. In inference time, run segmentation algorithm at first to isolate the panels
and then crop them.

5. Send each segmented panel into the classifier to detect if a panel has defect
or not.

Another advantage of using this approach is reducing the problem complexity by
filtering out the irrelevant portions of an image and only showing the useful parts.
The learning capacity of a model trained on cropped patches is usually much higher
compared to the one trained with entire images having many irrelevant parts and
background noises.
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Figure 3.13: Segmenting and cropping the panels from solar array. Left: Global
Contrast based Salient Region Detection (SGD) [100], middle: Enhanced line segment
drawing (ELSED) [101], right: Detecting twenty-thousand classes using image-level
supervision (DETIC) [102]. Images are taken from NORCE-PV dataset mentioned in
[3].

3.3.12 Optimization techniques

The optimization of neural networks using gradient descent algorithms is signifi-
cantly impacted by the size of the training dataset. While using smaller training
sets, such as in the case of stochastic gradient descent, can result in faster training
processes, updates may exhibit larger fluctuations. Conversely, training with larger
datasets can be computationally expensive and slow. Therefore, the selection of the
appropriate training dataset size is an important consideration in the optimization
of neural networks.

Gradient descent (sometimes called batch gradient descent) is an example of an
algorithm that performs better (in terms of computation speed) when the dataset
is small, because it computes the gradients on the whole dataset in each iteration,
as opposed to stochastic gradient descent which uses only a small part of the data
in each iteration.

In the context of few-labelled samples, gradient-based optimization algorithms
have been shown to be less effective due to two main reasons. Firstly, these
optimization algorithms, such as momentum, AdaGrad, AdaDelta, and ADAM, are
not specifically designed to perform well under the constraint of a limited number
of updates. When applied to non-convex optimization problems, these algorithms
do not provide strong guarantees of convergence speed, and may require a large
number of iterations to reach a good solution. Secondly, the network must be
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Figure 3.14: The solar panel array on the left image has 9 visible panels and only
one of them is labelled as a defect. Rather than using this entire image in a ’solar array
classification task„ segmenting & cropping the relevant panel at first (middle image), then
each cell within a panel and then assigning a defect status labels (0 = no_defect, 1 =
defect) for each cell (image on the right), and then sending these 9x60 = 540 patches to
’solar cell classification’ task would result in a better performance as we will be ending up
more data points to help the model learn better. The image on the right indicates the
solar panel marked with yellow bounding box on the other images (left and middle). The
original image is taken from NORCE-PV dataset mentioned in [3].

initialized with random parameters for each separate dataset, which hinders its
ability to converge to a good solution after a few updates. Overall, these factors
make it difficult for gradient-based optimization to effectively learn from small
datasets [103].

In another study [37] that investigates the impact of optimization methods that
work well under small data regimes, the authors show that long after severely
overfitting, validation accuracy could suddenly begin to increase from random level
toward perfect generalization (see Figure 3.4).

Normally, when using a supervised learning approach, reducing the amount of
training data leads to a decrease in the model’s ability to generalize when the
optimization process is able to fit the training data perfectly. However, [37] found
a different outcome: the model’s performance remains constant at 100% within
a certain range of training dataset sizes, but the time needed for optimization
increases rapidly as the dataset size is reduced. They show empirically that different
optimization algorithms lead to different amounts of generalization and the amount
of optimization required for generalization quickly increases as the dataset size
decreases. They compare various optimization details to measure their impact on
data efficiency and find that weight decay with AdamW (Adam with decoupled
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weight decay [73]) is particularly effective at improving generalization on the tasks
they studied (see Figure 3.15). [73] illustrates that Adam generalizes substantially
better with decoupled weight decay than with L2 regularization, achieving 15%
relative improvement in test error on several image benchmark datasets.

Figure 3.15: Different optimization algorithms lead to different amounts of generaliza-
tion within an optimization budget of 105 steps. Weight decay (with AdamW) improves
generalization the most, but some generalization happens even with full batch optimizers
and models without weight or activation noise at high percentages of training data.
Suboptimal choice hyperparameters severely limit generalization (source: [37]).

In another study [104] investigating the best hyperparameter settings to couple
self-supervised learning paradigms with semi-supervised techniques in low data
regimes, the authors empirically demonstrate that weight decay is usually among
the most important hyperparameters to tune while training deep neural networks,
no matter what the size of the dataset is as depicted in Figure 3.16.

The "hypersweep curves" in Figure 3.16 depict the performance of a supervised
baseline model on a fraction of the ILSVRC-2012 dataset, illustrating the impact
of varying hyperparameters on model accuracy. The curves represent the sorting of
models by accuracy with a fixed hyperparameter. For both figures, the rightmost
point on each curve indicates the peak performance for that hyperparameter value.
The spread between curves at these points reflects the sensitivity of the model to
the hyperparameter, while the overall shape and proximity of the curves suggest
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the robustness and interdependence of the hyperparameter values. The chart on
the left uses the full custom validation set, whereas the other chart employs a
reduced validation set with one image per class, which is shown to be sufficient for
hyperparameter evaluation. Notably, the experiments reveal that weight decay and
the number of training epochs significantly influence model training on limited data.
Contrary to common belief, reducing model capacity by decreasing depth or width
does not enhance performance; instead, deeper and wider models demonstrate
superior performance and robustness, even with limited training data. These
findings challenge prevailing assumptions and support recent observations that
wider models can facilitate optimization.

Figure 3.16: Performance impact of hyperparameter variation on a baseline model
trained with a subset (10% on the left and 1% on the right) of the ILSVRC-2012 dataset.
The curves demonstrate model accuracy against fixed hyperparameter values, with the
largest spread between curves illustrating the pronounced effect of weight decay on model
performance. These results underscore the significance of weight decay in training with
limited data and challenge the notion that reduced model capacity benefits small dataset
performance as well as indicating that weight decay is usually among the most important
hyperparameters to tune while training deep neural networks as it may give the largest
boost in validation accuracy compared to other hyperparameters (source: [104]).
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3.3.13 Using physics-informed neural networks

The incorporating existing physical principles into ML can be a useful approach
for modeling small data problems and developing more powerful models that learn
from data and build upon our existing scientific knowledge. With the growth of
ML and the availability of large amounts of scientific data, data-driven approaches
have become increasingly prevalent in scientific research, including information
science, mathematics, medical science, materials science, geoscience, life science,
physics, and chemistry [105]. These approaches, also known as scientific ML
(SciML) [106], do not require an existing theory and allow for the use of ML
algorithms to analyze scientific problems solely based on data. This shift in the
scientific method represents a departure from the traditional method of designing
a well-defined theory and refining it through experimentation and analysis to make
new predictions.

The physics-informed neural network (PINN) is a deep learning method that
bridges the gap between machine learning and scientific computing by incorporating
physical principles into ML. PINN has superior approximation and generalization
capabilities, which made it gain popularity in solving high-dimensional partial
differential equations (PDEs) [107], and has been used in various applications such
as weather modeling, healthcare, and manufacturing.

PINN is able to predict the solution far away from the experimental data points,
and thus performs much better than the naive network. PINNs can be easily
applied to many other types of differential equations too, and are a general-purpose
tool for incorporating physics into machine learning. The idea is adding the
known differential equations directly into the loss function when training the neural
network. This additional “physics loss” in the loss function tries to ensure that the
solution learned by the network is consistent with the known physics [108].

Similarly, [109] also used a deep neural network to learn solutions of the wave
equation, using the wave equation and a boundary condition as direct constraints
in the loss function when training the network. By using the physics constraint
in the loss function the network is able to solve for the wavefield far outside of
its boundary training data, offering a way to reduce the generalisation issues of
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existing DL approaches.

Figure 3.17 shows the effect of incorporating the harmonic oscillator formula into a
scientific task to find a model that is able to accurately predict new experimental
measurements given the first few measurements (observations). The problem is,
using a purely data-driven approach (looking only at the actual values of the
unknown physical process) cannot generalize beyond the observations. Once we
incorporate the underlying physics formula into loss function, the model is able to
generalize further beyond training dataset without using additional data points.

Figure 3.17: The physics-informed neural network is able to predict the solution far
away from the experimental data points, and thus performs much better than the naive
network. On the left hand side, even though the neural network can accurately model
the physical process within the vicinity of the experimental data, it fails to generalise
away from this training data. Once we incorporate the underlying physics formula into
loss function, on the right hand side, the physics-informed network is able to generalize
further beyond training dataset without using additional data points. Figures are taken
from [110].

In short, PINN is a deep learning method that bridges the gap between machine
learning and scientific computing by incorporating physical principles into ML.
PINN has superior approximation and generalization capabilities, which made it
gain popularity in solving high-dimensional partial differential equations (PDEs),
and has been used in various applications such as weather modeling, healthcare,
and manufacturing.
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3.3.14 Unsupervised learning techniques

Unsupervised learning is a ML approach that aims to learn patterns in data without
the use of labels. It relies on the model learning the structure of the input data
based on the features present in the data. Feature extraction, which involves
identifying and extracting relevant characteristics from the raw data, can often
improve the performance of unsupervised learning approaches [111].

Common techniques used in unsupervised learning include clustering, which groups
data points based on shared features, anomaly detection, which identifies data
points that do not fit the distribution of existing examples, and manifold learning, a
neural network approach that reduces the complexity of the data by learning latent
variables such as Principal Component Analysis (PCA). Unsupervised learning can
be applied to various types of data, including numerical and categorical data.

In the absence of labeled data, unsupervised learning techniques can be used to try
to extract useful information from the dataset. For example, clustering algorithms
can be used to group similar examples together, and dimensionality reduction
techniques can be used to identify patterns and relationships within the data.

3.3.15 Semi-supervised learning

As the name suggests, Semi-supervised learning (SeSL) lies between the two
extremes of supervised and unsupervised learning in terms of the availability of
labeled data. In SeSL, the task is performed by utilizing both labeled and unlabeled
datasets, with the aim of gaining a deeper understanding of the underlying data
structure. Typically, SeSL is performed using a small labeled dataset and a
relatively larger unlabeled dataset. The ultimate goal of this approach is to develop
a predictor that can accurately predict future test data, surpassing the performance
of predictors learned from labeled training data alone [112].

The application of SeSL techniques allows for the leveraging of labeled data, while
also deriving structure from unlabeled data to improve the overall performance of
the task. This is particularly beneficial in scenarios where the size of the labeled
dataset is small. In such cases, traditional supervised learning algorithms are often
prone to overfitting. However, by incorporating the understanding of structure
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derived from unlabeled data during the training process, SSL effectively alleviates
this issue. Additionally, SeSL methods provide an alternative solution to the
challenge of building large labeled datasets for learning a task. These techniques
are a step closer to mimicking the way humans learn, providing a more efficient
and effective approach.

In recent literature, it has been shown that popular approaches to SeSL involve
the introduction of a new loss term during training in a typical supervised learning
setting. There are three main concepts that are typically used to achieve SeSL,
namely Consistency Regularization, Entropy Minimization and Pseudo Labeling
that allow SeSL to improve the performance of a supervised learning task when
dealing with limited labeled data. Additionally, using generative models and
graph-based methods in semi-supervised learning can be found in [113].

Consistency Regularization is a technique that aims to train a model that is
robust to various data augmentations [114]. It enforces that the output of the
predictor should not significantly change when realistic perturbations are made
to the data points. This is achieved by minimizing the difference between the
prediction on the original input and the prediction on the perturbed version of
that input (decreasing the distances between features from differently augmented
images). The idea behind this approach is to leverage the unlabeled data to find
a smooth manifold on which the dataset lies. By achieving invariance to various
data augmentations, the model can achieve robustness and generalize better to
unseen data.

The most notable examples of Consistency Regularization include temporal ensem-
bling (pi-model) [115], mean teachers (weight-averaged consistency targets) [116]
and virtual adversarial training (VAT) [117] methods. Recently, Fan et al. [114]
proposed a new perspective on the concept of consistency regularization, suggesting
that instead of training a model that is invariant to all types of augmentations,
it could be more beneficial to focus on improving equivariance on strongly aug-
mented images, a simple yet effective technique, known as Feature Distance Loss
(FeatDistLoss) that is designed to improve data-augmentation-based consistency
regularization.
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Entropy minimization [118] aims to encourage more confident predictions on
unlabeled data. The model is trained to have low entropy predictions, regardless of
the ground truth. Additionally, the confidence for all classes for an input example
should sum to 1. This objective encourages the model to give high confidence
predictions, and discourage the decision boundary from passing near data points
where it would otherwise be forced to produce a low-confidence prediction.

The field of learning theory has traditionally focused on the two extremes of
the statistical paradigm: parametric statistics, where examples are known to
be generated from a known class of distribution, and distribution-free Probably
Approximately Correct (PAC) [27] frameworks. However, Semi-supervised learning,
which involves the use of both labeled and unlabeled data, does not fit neatly into
these frameworks. This is because the usefulness of unlabeled data depends on
the underlying distribution of the data, and no positive statement can be made
without making distributional assumptions since unlabeled data coming from some
distributions might be non-informative. This means that generalizing from labeled
and unlabeled data may differ from transductive inference [118].

In this regard, the entropy minimization framework proposes an estimation principle
applicable to any probabilistic classifier, aiming at making the most of unlabeled
data when they are beneficial, while providing a control on their contribution
to provide robustness to the learning scheme. This framework also shows that
unlabeled examples are mostly beneficial when classes have small overlap, and
provides a means to control the weight of unlabeled examples, and thus to depart
from optimism when unlabeled data tend to hamper classification.

Pseudo-Labeling is a simple yet effective approach to achieve SeSL, and also
known as proxy-labelling, self-training or co-training [119]. The method involves
training a model on a labeled dataset, then using it (and based on some heuristics)
to make predictions on unlabeled data. The examples from the unlabeled dataset
where the model’s prediction is confident (above a predefined threshold) are then
selected and the predictions are considered as pseudo-labels. This pseudo-labeled
dataset is then added to the original labeled dataset and the model is retrained on
the expanded labeled dataset. This process can be repeated multiple times. Some
examples of such methods are Self-training, Co-training and Multi-View Learning
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[120].

Pseudo-Labeling is closely related to self-training, where the model is trained
using its own predictions as labels. This approach allows for the efficient use of
unlabeled data, as it can boost the performance of the model without the need
for manual annotation. This technique is easy to implement and can be used in
various applications where labeled data is scarce.

Recently, SeSL algorithms based on deep neural networks have been successful in
achieving good results on standard benchmark tasks. However, it is argued that
these benchmarks do not fully reflect the challenges that SeSL algorithms would
face in real-world applications. In order to address this, [121] created a unified
re-implementation of various widely-used SeSL techniques and tested in a suite of
experiments. The results of these experiments indicate that the performance of
simple baselines which do not use unlabeled data is often under-reported in the
literature (see Figure 3.18).

Figure 3.18: In the “two-moons” dataset, virtual adversarial training (VAT) and
temporal ensembling (pi-model) methods were able to learn a highly accurate decision
boundary with a relatively small amount of labeled data, specifically 6 data points depicted
as large white and black circles in this figure. In contrast, Pseudo-Labeling was found
to be inadequate in this context, resulting in the learning of a linear decision boundary.
This highlights the limitations of Pseudo-Labeling as compared to VAT and pi-model in
this specific dataset (source: [121]).

Additionally, the results show that different SeSL methods have varying sensitivity
to the amount of labeled and unlabeled data. Moreover, the performance of these
methods can degrade substantially when the unlabeled dataset contains examples
that are out-of-distribution. These findings highlight the importance of rigorous
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testing and evaluation of SeSL algorithms in real-world scenarios, in order to fully
understand their capabilities and limitations [121].

In another study, [122] propose a new SeSL method called DP-SSL that adopts
an innovative data programming (DP) scheme to generate probabilistic labels for
unlabeled data. Different from existing DP methods that rely on human experts to
provide initial labeling functions (LFs), they developed a multiple-choice learning
(MCL) based approach to automatically generate LFs from scratch in SeSL style.

As a a result, it is essential to exercise caution when utilizing the technique of
pseudo-labeling, as it has been observed that the model predictions can be fallacious
at times. Furthermore, the model may generate several erroneous predictions for
unlabeled data, leading to a detrimental feedback loop that may exacerbate the
deterioration of performance. The same study also suggests that SeSL could be
preferred by practitioners when there are no high-quality labeled datasets, labeled
data is collected by sampling i.i.d. from the pool of unlabeled data and when the
labeled dataset is large enough to accurately estimate validation accuracy.

For a detailed and comprehensive review of SeSL, the reader is referred to the
Semi-Supervised Learning Book [112].

3.3.16 Self-supervised learning

Self-supervised learning (SSL) is a subcategory of unsupervised learning that
utilizes unlabeled data to learn the representation of the data. This process is
accomplished through a three-step process: generating input data and labels from
the unlabeled data based on an understanding of the data, pre-training the model
with the generated data and labels, and fine-tuning the pre-trained model for
specific tasks of interest. In SSL, the objective is to learn generalizable and robust
representations that can be applied to a variety of tasks and datasets, rather than
simply learning high-level features.

Through self-supervised learning, it is possible to generate pre-trained backbone
networks to extract features from domain-specific images and convert them into
numerical vectors known as embeddings. This allows for the creation of models
with fewer data and computational resources within that particular domain. In
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some cases, even with less labelled data, this approach has enabled performance
comparable to state-of-the-art DL models across various prediction tasks.

The most salient similarity between self-supervised and semi-supervised learning is
that both approaches do not rely entirely on manually labeled data. However, this
is where the similarity ends in broader terms. Self-supervised learning relies on
the inherent structure of the data to make predictions, and does not require any
labeled data (the system learns to predict part of its input from other parts of it).
In contrast, semi-supervised learning still utilizes a limited amount of labeled data
to guide the model’s learning process.

Self-supervised learning is a primary component of this dissertation and will be
elaborated in detail in Chapter 5.

3.3.17 Zero-shot, one-shot and few-shot learning

Zero-shot learning (ZSL) is a ML method in which a model is able to complete
a task (classify and predict the class of an unseen sample, or detect an unseen
object) without having received any training examples. It is a variant of transfer
learning, where the model is trained on a set of classes and is able to generalize
to unseen classes by leveraging additional knowledge about those classes, such
as their textual descriptions or attributes. Unlike transfer learning, ZSL involves
transferring knowledge between disparate feature and label spaces.

ZSL can be particularly useful when the number of classes in a dataset is large and
obtaining labeled data for all classes is infeasible or impractical. It has garnered
significant attention in recent years due to its ability to perform classification tasks
with limited annotated data. This approach has been applied to various domains,
including healthcare for medical imaging and COVID-19 diagnosis using chest
x-rays, as well as unknown object detection in autonomous vehicles. As research
continues to focus on methods that utilize minimal data with minimal annotation,
the potential applications for zero-shot learning will likely expand.

In ZSL, when no labeled instances of the target classes are present in the training
data, auxiliary information is utilized to facilitate the classification of unseen
classes. This auxiliary information may take the form of class descriptions, known
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attributes, semantic information, or word embeddings, and is necessary in order
to effectively solve the ZSL problem. Through this process, ZSL techniques are
intended to learn intermediate semantic layers and their properties, then apply
them to predict a new class of data at inference time. For example, if we have a
model that has been trained on images of horses and is presented with an image
of a zebra, it might be able to recognize the zebra as a novel class based on its
similarity to the known class of horses and the additional information that zebras
have black and white stripes.

In ZSL, a labeled training set of seen classes and knowledge about the semantic
relationships between seen and unseen classes is used to classify instances belonging
to unseen classes. This is achieved through the use of a high-dimensional vector
space, called the semantic space, in which the knowledge from seen classes can
be transferred to unseen classes. The process of ZSL typically involves learning
a joint embedding space in which both semantic vectors (prototypes) and visual
feature vectors can be projected, and using nearest neighbor search to match the
projection of an image feature vector with that of an unseen class prototype in this
space [123].

Few-shot learning, also known as low-shot learning, on the other hand, is a method
for classification when there are only a few examples per class. It is typically
implemented in the form of N-way k-shot problems, where there are N classes and
k labeled examples for each class. This approach utilizes meta-learning across a
range of classification tasks in order to quickly adapt to a new task. The meta-
learning model is trained on a large set of N-way k-shot tasks drawn from a similar
dataset. Few-shot learning is simply an extension of ZSL, but with a few examples
to further train the model.

Similarly, one-shot learning involves the use of only one instance or example of
data for training, as humans have the ability to learn even with a single example
and are still able to distinguish new objects with high precision. This approach is
particularly useful in tasks such as identifying an image of a person in identification
documents, where a large dataset may not be available. One approach to address
this challenge is to modify the loss function to be more sensitive to subtle differences
in the data and learn a better representation of it. Siamese networks are a commonly
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used method for image verification in one-shot learning.

3.3.18 Meta learning

Meta-learning, also known as learning to learn, is a ML approach that aims to
learn how a ML model learns and use this knowledge to improve the training
process. By being trained on a variety of similar tasks, a meta-learner can learn the
most effective way to learn an unseen task. Meta-learning has the potential to be
particularly useful for limited data problems, as it can enable the rapid adaptation
to a new environment and generalization to unseen tasks with only a few examples.
This is achieved by learning a high-level representation of the learning process
itself, allowing the model to adapt to new tasks more efficiently.

Meta learning algorithms can achieve superior generalization performance compared
to non-meta learning algorithms, even in the presence of small data. However,
meta-learning requires a large number of tasks from a similar dataset for meta-
training. Once the meta-model is trained, it can be applied to learn an unseen task
with a small amount of data, and can also support lifelong learning by continuously
improving as it is being used.

In meta-learning, the aim is to learn the learning process itself, rather than simply
recognizing patterns in training data and generalizing to unseen data, as is the goal
in conventional supervised learning. During the meta-training phase, the algorithm
learns to identify similarities and differences between examples from different
classes in the training set. In each iteration, a support set containing n labeled
examples from k classes is used along with a query set consisting of previously
unseen examples from unknown classes. During training, the loss function assesses
the performance on the query set, based on knowledge gained from its support set
and will backpropagate through these errors.

One of the most successful meta-learning algorithms that is designed to work well
with limited data is known as Model-Agnostic Meta-Learning (MAML). The key
idea underlying this method is to train the model’s initial parameters such that
the model has maximal performance on a new task after the parameters have been
updated through one or more gradient steps computed with a small amount of
data from that new task [124].
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Meta-learning can be conceptualized as an optimization problem, where a second
network is used to predict the parameters for a given task, or where an initialization
for a neural network is learned. Additionally, meta-learning can be approached
through the use of similarity among features in examples, by embedding these
examples into a vector space and using a metric for classification. Finally, meta-
learning can also be achieved through the incorporation of prior knowledge about
the structure of naturally occurring tasks, in order to improve model performance.

3.3.19 Harnessing model uncertainty

In ML and statistics, traditional methods for modeling uncertainty rely on prob-
ability theory. However, it has been argued that conventional approaches to
probabilistic modeling, which capture knowledge in terms of a single probability
distribution, fail to distinguish between two distinct sources of uncertainty, referred
to as aleatoric and epistemic uncertainty. Aleatoric uncertainty, also known as
statistical uncertainty, refers to the notion of randomness, or the variability in the
outcome of an experiment that is due to inherently random effects. An example of
this type of uncertainty is coin flipping, where the data-generating process has a
stochastic component that cannot be reduced by any additional source of infor-
mation. In contrast, epistemic uncertainty, also known as systematic uncertainty,
refers to uncertainty caused by a lack of knowledge (about the best model). This
type of uncertainty is caused by ignorance of the agent or decision maker, and can
in principle be reduced on the basis of additional information [125]. Knowing the
type of uncertainty during model development is a crucial component and helps
the modeler avoid seeking more data if it is an aleatoric uncertainty in which the
uncertainty is irreducible even if more data is provided.

In other words, epistemic uncertainty refers to the reducible part of the total
uncertainty, whereas aleatoric uncertainty refers to the irreducible part. Recognizing
and distinguishing between these two types of uncertainty allows for more nuanced
and accurate modeling of uncertainty in a wide range of applications. In some
cases, both aleatoric and epistemic uncertainties might be present, but it can be
challenging to determine which type of uncertainty should be associated with a
specific phenomenon during the modeling phase. This distinction is important
as it affects the way we model the uncertainty and model, while it’s not always
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well defined. In some cases, it may be necessary to gather more data or perform
additional experiments to accurately categorize the source of uncertainty [126].

When the sample size is small, specifying the right model class is not an easy task,
so the model uncertainty will typically be high due to the lack of evidence in favor
of any class (an inherent problem especially with semi-supervised learning wherein
we need to define a threshold that decides to which class a data point belongs).

In an ideal scenario, even with powerful models that can generalize effectively beyond
test sets, it is expected that a degree of uncertainty would exist for samples that
are entirely unknown. This uncertainty can be leveraged to estimate areas in which
the model may not have sufficient knowledge. This is particularly important in low
data regimes, where it is plausible that not all parts of the distribution are equally
represented. In such cases, it is important that the model’s predictions for unseen
samples return a degree of uncertainty that can be utilized for various purposes,
such as reducing false positive rates, identifying predictions that require human
intervention, or as a threshold in semi-supervised or active learning approaches.

Thus, it is important to understand and model the uncertainty present in the
problem in order to know when the model’s predictions can be trusted. One
important aspect of this is considering the confidence of the predictions made by
the model in addition to the predictions themselves. To achieve this, generating
confidence intervals for evaluation metrics when comparing different models can be
helpful in preventing erroneous conclusions from being drawn.

This is particularly important when working with small datasets, as certain regions
of the feature space may be underrepresented. In such cases, it is better to predict
with a margin of error, rather than point estimates. Although models on small
data will have large confidence intervals, being aware of the range of predictions
can be beneficial when making actionable decisions. By taking into account the
uncertainty present in the problem, we can make more informed decisions about
the trustworthiness of the model’s predictions.

There are two other important and relevant (tangential) issues with deep learning.
First, the model might be overconfident even if it is gravely wrong. Second, the
model may still try to assign a confidence score to out-of-distribution samples. For
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example, if a user feeds an image of a healthy chest X-ray to a Covid classifier model,
the model should return a prediction with a high level of confidence. However,
when a user uploads an image of head CT and asks the model to predict the Covid
status, the model is faced with a situation of out-of-distribution test data. The
model has been trained on images of X-rays, but has never seen a head CT before.
The image of the head CT lies outside of the distribution of data the model was
trained on.

This example can be extended other settings, such as MRI scans with structures
that a diagnostic system has never observed before, or scenes that an autonomous
car steering system has never been trained on. In such cases, a desirable behavior
for the model would be to return a prediction, but also to convey that the point lies
outside of the data distribution and therefore, the model possesses some quantity
conveying a high level of uncertainty with such inputs [52].

Understanding the model uncertainty also plays a crucial role in an active learning
framework. By recognizing which unlabelled data points would be the most
beneficial to learn from, the model can make informed decisions on which data
points to request labels for from an external resource such as a human annotator.
These data points are selected using an acquisition function, which evaluates the
potential value of each point for learning. Various acquisition functions exist, many
of which factor in the model’s uncertainty about the unlabelled data to make these
decisions. By utilizing this approach, it allows for a more efficient use of limited
labelled data, resulting in a more robust model [127].

3.3.20 Active learning

Active learning is a semi-supervised approach that can be leveraged when large
amounts of data are present but obtaining labeled data is costly. Instead of
randomly labeling data, active learning allows teams to strategically select the
data points that will have the greatest impact on the performance of the model.
In other words, the key idea behind active learning is that a ML algorithm can
achieve greater accuracy with fewer training labels if it is allowed to choose the
data from which it learns (i.e. with a limited number of training labels by actively
selecting data for learning). The process is outlined in the active learning loop
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in Figure3.19. In each iteration, the ML model is trained with a growing dataset
created by labeling new data selected from a pool of unlabeled data.

Figure 3.19: The Active learning loop diagram depicts the process of incrementally
increasing the training dataset through selective labeling. In each iteration, the query
step utilizes a scoring function and sampling strategy to determine which images should
be added to the training dataset for further training after being labeled (source: [128]).

One way to implement active learning is by utilizing ML models for conducting
preliminary tasks. These models can identify samples that are hard to classify,
and then a human annotator can focus on labeling only those samples (selecting
the next best data points to label). This way, the model can learn from the most
informative data points, leading to more accurate predictions.

To further illustrate the concept of active learning, consider the analogy of a teacher
and a student. Passive learning is like a student sitting in a class, listening to the
teacher’s lecture without engaging. On the other hand, active learning is when
the student is an active participant, asking questions and collaborating with the
teacher. The teacher in this scenario, focuses on the student’s needs and spends
more time on the concepts that are hard for the student to grasp. In this way,
both the student and teacher are actively engaged in the learning process.

Similarly, in ML development, active learning is a collaborative process between
the annotator and the modeler. The annotator provides a small labeled dataset,
and the modeler uses it to train the model. The model then generates feedback on
which data points should be labeled next. These models can identify samples that
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are hard to classify, and then a human annotator can focus on labeling only those
samples. This way, the model can learn from the most informative data points,
leading to more accurate predictions. Through several iterations, the team can
develop a more accurate model and a labeled gold training set.

Active learning is a training strategy that aims to reduce the amount of data that
requires human labeling by intelligently (actively) selecting the most informative
examples for labeling [129] where the learning algorithm is provided with a large
pool of unlabeled data points, with the ability to request the labeling of any given
examples from the unlabeled set in an interactive manner. This is accomplished
through the use of a query strategy, which is applied to a ML model that has
been initially trained on a small number of seed labeled examples. The process of
labeling additional examples and updating the model is then repeated until the
model is adequately trained. Active learning has been applied to a variety of ML
tasks, including classification, detection, segmentation, and regression.

This approach is different from classical passive learning, where examples to be
labeled are chosen randomly from the unlabeled pool. Instead, active learning aims
to carefully choose the examples to be labeled in order to achieve a higher accuracy
while using as few requests as possible, thereby minimizing the cost of obtaining
labeled data. This approach is of particular interest in problems where data may
be abundant, but labels are scarce or expensive to obtain. By carefully selecting
the examples to be labeled, active learning allows to make the most of the available
data while minimizing the cost of obtaining labeled data (keeping the annotation
efforts at a minimum), making it useful in various real-world applications where
labeled data is scarce and expensive [113].

In order to effectively identify difficult data points in active learning, a various
combinations of methods are used to select the most informative samples for
annotation (i.e. the process of identifying the most valuable examples to label next).
These methods include classification uncertainty sampling, margin uncertainty,
entropy sampling, disagreement-based sampling, information density, and business
value [129]. An example of such a method can be found in the object detection
problem. In this context, [128] proposed an image level scoring function that
evaluates the usefulness of each unlabeled image for training. The selected images,
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after being labeled, are then added to the training set. The experiments demonstrate
the effectiveness of this approach, with up to 4 times relative mean average precision
improvement compared to manual selection by experts.

Classification uncertainty sampling involves selecting the samples with the
highest uncertainty, or the data points that the model knows the least about. By
labeling these samples, the model becomes more knowledgeable and its performance
improves [130].

Margin uncertainty, on the other hand, involves selecting the samples with the
smallest margin. These are data points that the model knows about but is not
confident enough to make good classifications. Labeling these examples increases
the model’s accuracy [131].

Diversity sampling aims to gather a representative sample of the entire data
distribution, recognizing the significance of diversity as the model should perform
well on any data encountered, not just a limited subset. The selected samples
should reflect the underlying distribution. Common methods frequently depend on
measuring the relationship between samples [132].

Entropy sampling uses entropy as a measure of uncertainty, which is proportional
to the average number of guesses one has to make to find the true class. In this
approach, we pick the samples with the highest entropy [130].

Disagreement-based sampling focuses on those samples where different al-
gorithms disagree (asking annotators to label the examples on which classifiers
disagree) [133]. For measuring the level of disagreement, there are several ap-
proaches used such as Kullback-Leibler (KL) divergence [134] and Jensen-Shannon
divergence [135].

The information density method focuses on a denser region of data and select
few points in each dense region. Labeling these data points help the model classify
large number of data points around these points [136].

Lastly, the business value method focuses on labeling the data points that have
higher business value than the others. This approach helps to prioritize labeling
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the samples that are most important for the specific use-case and improve the
model performance in real-world scenarios [137].

In active learning, the most informative examples are the ones that the classifier
is the least certain about (a model has the least certainty are often the most
challenging examples to classify). These examples are typically located near the
class boundaries, and as a result, provide valuable information about the boundary
between different classes.

In the field of ML, it is commonly understood that examples for which a model
has the least certainty are often the most challenging examples to classify. These
examples are typically located near the class boundaries, and as a result, provide
valuable information about the boundary between different classes.

For instance, consider a binary classification problem in the medical domain where
the task is to differentiate between benign and malignant tumors. The model
may have a high level of certainty when presented with a clear and well-defined
benign tumor, but may struggle to classify a malignant tumor that has similar
features to a benign one. In this scenario, the model is uncertain about the correct
classification of the example, as it lies near the class boundary between benign and
malignant tumors. By observing this difficult example, the model can gain valuable
information about the features that distinguish benign and malignant tumors and
improve its performance on similar examples in the future.

Furthermore, research [129] has shown that models that are trained on a diverse
set of examples, including difficult examples near class boundaries, tend to perform
better on unseen data compared to models that are trained on a more homogeneous
set of examples. Thus, it is crucial for the learning algorithm to identify and observe
the difficult examples in order to gain a deeper understanding of the underlying
data distribution and improve its overall performance.

In summary, the intuition behind the importance of difficult examples in ML is
that they provide valuable information about the class boundaries and improve
the performance of the model on unseen data. It is essential for the learning
algorithm to identify and observe these difficult examples in order to gain a deeper
understanding of the underlying data features.
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Detailed overview of active learning concepts and methods can be found at [129].

3.3.21 Self-learning

Self-learning is a method that lies between semi-supervised and weakly supervised
learning [138], utilizing an existing classifier to generate pseudo-labels for unlabeled
data to train a new model. It operates by iteratively learning a classifier by
assigning pseudo-labels to a subset of unlabeled training data with a margin greater
than a set threshold. These pseudo-labeled samples are then combined with labeled
training data to train a new classifier. The goal of pseudo-labeling is to generate
labels for unlabeled data and improve the model’s training with more information
than before [139].

In contrast to self-supervised learning, where the model relies on the underlying
structure of data to predict outcome (does not utilize labeled data), self-learning
use both labeled and unlabeled data allowing the model (or models) to learn from
themselves (or each other).

Another type of self-learning is called two-classifier self-training, which is similar
to pseudo-labeling but utilizes two classifiers instead of one. The process involves
training a classifier on the available data, then making predictions on the next
batch of new data, alternating the classifier being used several times. This approach
aims to improve the model’s robustness by continuously feeding the output of one
classifier as input to the other (i.e. each model learns on the output of the other )
[140].

3.3.22 Multi-task learning

Multi-Task Learning (MTL) is a ML technique that leverages information from
related tasks to improve performance on a primary task by training a model with
multiple losses to perform well on multiple tasks (i.e., more than one loss function
is optimized) [141].

In traditional ML, a single model or ensemble of models is trained to optimize for a
specific metric, such as a benchmark score or a business KPI. However, by focusing
solely on this single task, valuable information from related tasks is ignored. MTL

71



3.3. Approaches to tackle small data problems

aims to overcome this limitation by sharing representations between related tasks,
resulting in better generalization on the primary task.

For instance, in healthcare, a model trained to predict multiple medical conditions
based on patient data can utilize information from related tasks, such as identifying
risk factors, to improve predictions for each condition. Likewise, in agriculture, a
model trained to predict crop yields for multiple crops can share representations
between tasks, such as identifying soil characteristics, to improve predictions for
each crop.

From a biological perspective, MTL can be considered modeled after human learning.
In this context, when we learn new tasks, we tend to utilize the skills we have
gained from related tasks. For instance, a baby starts by developing the ability to
recognize faces and then applies that skill to identifying other objects.

MTL works effectively by incorporating two important concepts: Implicit data
augmentation and Attention focusing [141].

Implicit data augmentation refers to the idea that by training a model on
multiple tasks simultaneously, the model is effectively exposed to a larger sample
size, leading to a better generalization of the model. This is because different tasks
often have different patterns of noise, and training a model on multiple tasks helps
average out these patterns and learn a more general representation.

Attention focusing is another advantage of multi-task learning. In limited and
high-dimensional datasets or noisy tasks, it can be difficult for a model to identify
relevant features. By training on multiple tasks, the model is able to focus its
attention on important features as the additional tasks provide evidence for the
relevance or irrelevance of these features.

When labeled data for the desired task is not present, an alternative approach in
MTL is to utilize a task that is opposite of the goal. This can be accomplished
through an adversarial loss that maximizes training error by using a gradient
reversal layer. The adversarial task is predicting the input’s domain, and by
maximizing the adversarial task loss through gradient reversal, the model is forced
to learn representations that are indifferent to the domains, which altogether
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benefits the main task [141].

In summary, MTL provides a way for a model to learn more general representations
and focus on important features that might not be easy to learn just using the
original task, hence leading to improved performance on multiple tasks.

3.3.23 Symbolic learning

Symbolic learning is a form of ML that leverages symbolic representations of
knowledge to make predictions with limited training data. By incorporating
human-curated information into the learning process, this approach can effectively
minimize the amount of training data required while enhancing the reliability
and robustness of the ML system. This integration of human knowledge and
ML capability also enables the creation of explainable ML systems, providing an
opportunity to leverage a wealth of human knowledge to achieve performance
outcomes that were not previously possible. Furthermore, this type of ML enhances
the interaction between humans and ML systems by making ML’s decisions more
understandable to humans [142].

Symbolic models are fusing a representation of contextual knowledge into ML
algorithms to improve algorithm performance [143]. These models utilize a repre-
sentation of knowledge, often human-curated, such as an ontology, database, or
contextual information. Traditional ML algorithms can be viewed as learning a rep-
resentation of the features in the classes; in contrast, the symbolic model approach
aims to reduce the amount of data required by introducing a human-constructed
representation (knowledge).

Here are some examples:

• Diagnosing diseases: Imagine a patient presents with symptoms such as a
cough, fever, and fatigue. A doctor might use his/her knowledge of common
diseases to diagnose the patient with a respiratory infection. Similarly,
symbolic learning algorithms can use information from medical ontologies
or databases to diagnose diseases based on symptoms and other contextual
information.
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• Predicting drug interactions: When a patient is prescribed multiple
medications, it is important to ensure that they do not interact in harmful
ways. A pharmacist might use their knowledge of common drug interactions
to determine the safety of a particular combination of drugs. Symbolic
learning algorithms can be trained on data from drug databases to predict
potential drug interactions and suggest alternatives if necessary.

• Identifying risk factors for chronic diseases Chronic diseases such as
diabetes and heart disease are often the result of multiple risk factors, such
as obesity, lack of exercise, and smoking. A doctor might use their knowledge
of these risk factors to predict a patient’s likelihood of developing a chronic
disease. Symbolic learning algorithms can be trained on data from medical
studies to identify and rank the most important risk factors for various chronic
diseases.

• Detecting plant diseases: Diseases can significantly reduce crop yields
and have a major impact on agriculture. Symbolic learning algorithms can
be trained on data from plant disease databases to detect the presence of
specific diseases based on symptoms such as discoloration of leaves or wilting
of stems.

In each of these examples, symbolic learning is used to combine the strengths of
ML algorithms and human knowledge to improve the accuracy and efficiency of
decisions.

The selection of training samples is essential to any symbolic modelling efforts
and not all data samples are equally informative: some carry unique information
about the system, while others are redundant. To that end, [144] proposed an
approach for constructing compact training data sets that serve as an input to a
model learning method. For model learning, symbolic regression is chosen due to
its ability to construct accurate models in the form of analytic equations even from
small data sets as it, symbolic regression, outperforms other models for small data
sets [145].

In summary, symbolic learning leverages human-curated information to perform
limited data learning tasks and reduce the amount of data required for training. It
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is a way of combining the strengths of traditional machine learning algorithms and
human knowledge to improve the accuracy of predictions.

3.3.24 Hierarchical learning

Hierarchical learning is a ML approach that takes advantage of the hierarchical
structure of real-world categories and taxonomies (i.e. using a taxonomy rep-
resenting the relationship between objects and higher level classes) [146]. The
hierarchical learning concept involves building a series of classification models
that are structured based on a predefined hierarchy. The method utilizes transfer
learning to build subsequent models, where the output of one model serves as input
for the following. For instance, in healthcare, we can use hierarchical learning to
diagnose diseases based on symptoms. A patient with a headache and nausea could
be diagnosed with a migraine, but the model can also express uncertainty about
the specific type of migraine (e.g., menstrual migraine or vestibular migraine). The
hierarchical structure helps to make more accurate diagnoses based on limited data.
In agriculture, hierarchical learning can be used to identify and classify different
types of crops. For example, a model can classify a plant as a type of fruit, and
then further classify it as an apple or a pear based on the shape, color, and other
attributes of the fruit. This hierarchical structure helps to manage uncertainty in
the classification process and makes it possible to train classifiers even when there
is limited data available for certain types of crops.

[147] proposed a two-step framework using hierarchy transfer learning to build
deep learning models for disease detection and classification, which achieved high
accuracy and improved performance compared to other training approaches. The
framework was extended to handle multiple input images and improved accuracy was
achieved using a stacking ensembled method, leading to an improved performance
even with a limited number of images.

3.3.25 Knowledge distillation based learning

Knowledge Distillation is a technique utilized to transfer the knowledge acquired
by a complex model to a simpler model, with the goal of achieving similar or
better performance on unseen data [148]. One of the key advantages of Knowledge
Distillation is its ability to compress the knowledge of an ensemble of large base
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models into a single, simpler model. This is particularly useful in situations where
the storage and computational resources required by the ensemble of models is
prohibitive. By distilling the knowledge of the complex model into a smaller, more
tailored model, the efficiency and effectiveness of the model can be improved.

For example, when using a model trained on a dataset such as ImageNet, which
contains 14 billion images and 100 classes, as a binary classifier for cats and dogs
in a specific application, the computational resources required would be excessive.
However, by using this model as a teacher and distilling its knowledge into a simpler
model specifically designed for this task, the efficiency and effectiveness can be
greatly improved.

To effectively transfer knowledge, it is important to examine the data used to
train the network as it focuses on a specific area instead of the entire input space.
However, access to this data may be restricted due to privacy concerns in various
industries such as medicine, military, and industrial. In order to address this issue,
[149] suggested KEGNET (Knowledge Extraction with Generative Networks), a new
approach for knowledge distillation that does not require access to the original data.
KEGNET learns the relationship between data points through training generator
and decoder networks and generates artificial data to estimate the missing data on
the manifold. At the same time, [150] argues that Knowledge Distillation is not as
effective as widely believed, as there is often a significant gap between the teacher
and student’s predictive distributions, even when the student has the ability to
exactly imitate the teacher.

3.4 Dealing with imbalanced data

In the scientific literature, data imbalance refers to the situation in which the number
of observations in one class significantly exceeds those in other classes. This issue
is often encountered in tasks such as detecting anomalies in electricity usage or
identifying rare diseases, where the minority class (anomalies or rare cases) is of
particular interest. If conventional ML algorithms are applied to imbalanced data
without addressing this issue, the resulting models may be biased and inaccurate,
as these algorithms are typically designed to minimize error assuming the class
distribution is well-representing and unbiased. Examples of business problems
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with imbalanced datasets include detecting rare diseases in medical diagnostics,
identifying customer churn in the telecommunications industry, and predicting
natural disasters such as earthquakes.

The problem of unbalanced data, in which the frequency of minority class obser-
vations is significantly lower than that of the majority class, can be addressed by
balancing the data through sampling techniques. This can be achieved through
increasing the frequency of the minority class (oversampling) or decreasing the
frequency of the majority class (undersampling). The choice of oversampling ver-
sus undersampling and random versus clustered sampling depends on the size of
the overall dataset and the distribution of the data. In general, oversampling is
preferred when the dataset is small, while undersampling is more suitable when the
dataset is large. Similarly, the decision between random and clustered sampling is
influenced by the distribution of the data.

Oversampling (up-sampling): One approach to addressing imbalanced data is
over-sampling, which involves increasing the number of instances in the minority
class by randomly replicating them in order to present a higher representation of
the minority class in the sample. This method has the advantage of not leading to
information loss, and it has been shown to outperform under-sampling. However,
it also has the disadvantage of increasing the likelihood of overfitting due to the
replication of minority class events.

Another up-sampling technique is K-means clustering that is independently applied
to minority and majority class instances. This approach involves identifying clusters
in the dataset and oversampling each cluster such that all clusters of the same class
have an equal number of instances and all classes have the same size. While this
technique has the advantage of addressing both inter- and intra-class imbalances,
it also carries the risk of overfitting the training data. Overall, K-means clustering
is a useful method for addressing imbalanced data, but it should be used with
caution to avoid compromising the generalizability of the model.

Undersampling (down-sampling): In the context of addressing imbalanced
data, undersampling involves randomly eliminating majority class examples in
order to balance the class distribution. While this technique can be useful for
improving run time and storage issues when dealing with large training datasets,
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it is also important to consider its potential drawbacks, such as the potential for
discarding potentially useful information and the risk of introducing bias through
the random selection of samples. Additionally, the resulting sample may not
accurately represent the overall population, leading to potentially inaccurate results
when applied to the actual test dataset.

There are other techniques to allow the model learn under extreme imbalanced
datasets. A concrete technique that adds a final batch normalization layer is one
of this work’s contributions and will be explored in detail in Chapter 4.

3.5 Anomaly Detection as a Small Data Problem

Anomaly detection, also known as outlier detection or novelty detection, is the task
of identifying unusual or abnormal data points in a dataset. It is a crucial task in
a wide range of applications, including fraud detection, cybersecurity, and quality
control.

Detecting anomalies that are hardly distinguishable from the majority of observa-
tions is a challenging task that often requires strong learning capabilities. Since
anomalies appear scarcely, and in instances of diverse nature, a labeled dataset
representative of all forms is typically unattainable. In some cases, such as working
with underrepresented populations or studying rare medical conditions, only limited
data are available [61].

Despite tremendous advances in computer vision and object recognition algorithms,
their effectiveness remains strongly dependent upon the size and distribution of
the training set. Real-world settings dictate hard limitations on training sets of
rarely recorded events in Agriculture or Healthcare, e.g., early stages of certain
crop diseases or premature malignant tumors in humans.

Anomaly detection is mostly concerned with hard classification problems at early-
stages of abnormalities in certain domains (i.e. crop, human diseases, chip manu-
facturing), which suffer from lack of data instances, and whose effective treatment
would make a dramatic impact in these domains. For instance, fungus’ visual cues
on crops in agriculture or early-stage malignant tumors in the medical domain are
hardly detectable in the relevant time-window, while the highly infectious nature
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leads rapidly to devastation in a large scale. Other examples include detecting
the faults in chip manufacturing industry, automated insulation defect detection
with thermography data, assessments of installed solar capacity based on earth
observation data, and nature reserve monitoring with remote sensing and deep
learning. However, class imbalance poses an obstacle when addressing each of these
applications.

In Precision Agriculture, and particularly in Precision Crop Protection [151], certain
visual cues must be recognized with high accuracy in early stages of infectious
diseases’ development. A renowned use-case is the Potato Late Blight, with
dramatic historical and economical impacts [152], whose early detection in field
settings remains an open challenge (despite progress achieved in related learning
tasks; see, e.g., [153]). The hard challenge stems from the actual nature of the visual
cues (which resemble soil stains and are hardly distinguishable), but primarily from
the fact that well-recording those early-stage indications is a rare event.

In the case of highly imbalanced datasets, such as those involving fraud or machine
failure, it may be worth considering whether these examples can be classified as
anomalies. If the problem meets the criteria for anomaly detection, techniques such
as OneClassSVM, clustering methods, or Gaussian anomaly detection methods
may be employed. These approaches involve considering the minority class as the
outlier class, potentially providing new ways to classify and differentiate. Change
detection is a similar concept to anomaly detection, but focuses on identifying
changes or differences rather than anomalies. Examples of this include changes in
user behavior as indicated by usage patterns or bank transactions.

In recent years, reliable models capable of learning from small samples have been
obtained through various approaches, such as autoencoders [154], class-balanced
loss (CBL) to find the effective number of samples required [155], fine tuning with
transfer learning [156], data augmentation [75], cosine loss utilizing (replacing
categorical cross entropy) [66], or prior knowledge [48].
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3.6 Conclusion

As we conclude Chapter 3, our exploration through the diverse landscape of strate-
gies and methodologies essential for effective learning from small datasets has been
both comprehensive and insightful. This journey has armed us with a robust toolkit,
encompassing a broad spectrum of techniques ranging from data augmentation,
ensemble methods, and transfer learning to more intricate strategies like parameter
initialization, loss function reformulation, and regularization techniques. We have
also ventured into advanced realms such as synthetic data generation, physics-
informed neural networks, and various forms of learning including unsupervised,
semi-supervised, self-supervised, zero-shot, one-shot, few-shot, metalearning, and
beyond. These techniques, together with insights into tackling specific challenges
like imbalanced data and anomaly detection, form a crucial foundation for the
focused applications and advanced methods explored in the subsequent chapters.

In Chapter 4 and 5, we build directly upon this foundation, delving into the
nuances of learning from imbalanced datasets and exploiting the potential of self-
supervised learning in scenarios of limited data. We have laid the groundwork
for understanding how each of these advanced techniques and strategies can be
effectively applied to real-world problems where data scarcity is a significant
challenge. This chapter, therefore, acts as a pivotal link in our dissertation,
ensuring a seamless and cohesive narrative that underscores the importance of
mastering small data learning. Ultimately, the insights and methodologies discussed
here contribute to the development of more robust and efficient machine learning
models, capable of addressing the complex challenges presented by small datasets
in various domains.

As we draw Chapter 3 to a close, we reflect on the extensive exploration of
foundational concepts and methodologies critical for learning effectively from small
datasets. The techniques and insights garnered here, from data augmentation to
transfer learning and beyond, are not just theoretical constructs but essential tools
that underpin the advanced topics in Chapters 4 and 5. The upcoming chapters
build upon this bedrock, delving into the nuances of learning from imbalanced
datasets (Chapter 4) and exploring the potential of self-supervised learning with
salient image segmentation (Chapter 5), both of which hinge on the principles
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established in this chapter. By connecting these concepts, we ensure a seamless
transition into the intricacies of batch normalization and the dynamics of image
segmentation in self-supervised learning. This chapter, thus, is a bridge that not
only links but also enriches the narrative flow of the dissertation, ensuring that the
journey from foundational principles to advanced applications in machine learning
is both cohesive and comprehensive.
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Chapter 4

The Role of Final Batch
Normalization Layer

In highly imbalanced classification problems, which encompass complex features,
deep learning (DL) is much needed because of its strong detection capabilities. At
the same time, DL is observed in practice to favor majority over minority classes
and consequently suffer from inaccurate detection of rare events. To simulate this
scenario, in this chapter, we will artificially generate skewness (99% vs. 1%) for
certain plant types out of the PlantVillage dataset [157] as a basis for classification
of scarce visual cues through transfer learning. By randomly and unevenly picking
healthy and unhealthy samples from certain plant types to form a training set, we
consider a base experiment as fine-tuning ResNet34 and VGG19 architectures and
then testing the model performance on a balanced dataset of healthy and unhealthy
images. Then we will investigate the role of Batch Normalization (BN) layer in
modern CNN architectures to see if it would help minimize the training time and
testing error for minority classes in highly imbalanced data sets.

In this chapter we shall present the following results:

1. Utilizing an additional Batch Normalization (BN) layer before the output
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layer in modern CNN architectures has a considerable impact in terms of
minimizing the training time and testing error for minority classes in highly
imbalanced data sets.

2. When the final BN is employed, minimizing the loss function may not be the
best way to assure a high F1 test score for minority classes in such problems.
That is, the network might perform better even if it is not ‘confident’ enough
while making a prediction; leading to another discussion about why softmax
output is not a good uncertainty measure for DL models.

3. The performance gain after adding the final BN layer in highly imbalanced
settings could still be achieved after removing this additional BN layer in
inference.

4. There is a certain threshold for the imbalance ratio upon which the progress
gained by the final BN layer reaches its peak.

5. The batch size also plays a role and affects the outcome of the final BN
application.

6. The impact of the BN application is also reproducible on other datasets and
when utilizing much simpler neural architectures.

7. The reported BN effect occurs only per a single majority class and multiple
minority classes – i.e., no improvements are evident when there are two
majority classes; and finally, (viii) Utilizing this BN layer with sigmoid
activation has almost no impact when dealing with a strongly imbalanced
image classification tasks.

4.1 Background

In order to better understand the novel contributions of this study, in this section,
we give some background information about the Batch Normalization [74] concept.

Training deep neural networks with dozens of layers is challenging as they can be
sensitive to the initial random weights and configuration of the learning algorithm.
One possible reason for this difficulty is that the distribution of the inputs to
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layers deep in the network may change after each mini-batch when the weights
are updated. This slows down the training by requiring lower learning rates and
careful parameter initialization, makes it notoriously hard to train models with
saturating nonlinearities [74], and can cause the learning algorithm to forever chase
a moving target. This change in the distribution of inputs to layers in the network
is referred to by the technical name “internal covariate shift” (ICS).

BN is a widely adopted technique that is designed to combat ICS and to enable
faster and more stable training of deep neural networks (DNNs). It is an operation
added to the model before activation which normalizes the inputs and then applies
learnable scale (�) and shift (�) parameters to preserve model performance. Given
m activation values x1 . . . , xm from a mini-batch B for any particular layer input
x(j) and any dimension j 2 {1, . . . , d}, the transformation uses the mini-batch
mean µB = 1/m

Pm
i=1 xi and variance �2

B = 1/m
Pm

i=1(xi � µB)2 for normalizing
the xi according to x̂i = (xi �µB)/

p
�2
B + ✏ and then applies the scale and shift to

obtain the transformed values yi = �x̂i + �. The constant ✏ > 0 assures numerical
stability of the transformation.

Typically in ML, it is common to normalize input data before passing the data to
the input layer. The reason we normalize is partly to ensure that our model can
generalize appropriately. This is achieved by ensuring that the scale of the values is
balanced, and also the range of the values are maintained and proportional despite
the scale change in the values. In a similar context, the BN operation standardizes
and normalizes the input values. The input values are then transformed through
scaling and shifting operations. BN was performed as a solution to speed up
the training phase of deep neural networks through the introduction of internal
normalization of the inputs values within the neural network layer. Normalization
is typically carried out on the input data, but it would make sense that the flow of
internal data within the network should remain normalized. So, we can say that
BN is the internal enforcer of normalization within the input values passed between
the layer of a neural network. Internal normalization limits the covariate shift that
usually occurs to the activations within the layers.

BN has the effect of stabilizing the learning process and dramatically reducing
the number of training epochs required to train deep networks; and using BN
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makes the network more stable during training. This may require the use of much
larger than normal learning rates, which in turn may further speed up the learning
process. Though BN has been around for a few years and has become common in
deep architectures, it remains one of the DL concepts that is not fully understood,
having many studies discussing why and how it works. Most notably, Santurkar
et al. [158] recently demonstrated that such distributional stability of layer inputs
has little to do with the success of BN and the relationship between ICS and BN is
tenuous. Instead, they uncovered a more fundamental impact of BN on the training
process: it makes the optimization landscape significantly smoother (Figure 4.1).
This smoothness induces a more predictive and stable behavior of the gradients,
allowing for faster training. Bjorck et al. [159] also makes similar statements that
the success of BN can be explained without ICS. They argue that being able to
use larger learning rate increases the implicit regularization of the gradient, which
improves generalization.

Figure 4.1: Analysis of the optimization landscape during training of deep linear
networks with and without BatchNorm. There is a clear improvement in each of these
measures of smoothness of the optimization landscape in networks with BatchNorm layers.
(source: [158])

Even though BN adds an overhead to each iteration (estimated as additional
30% computation [160]), the following advantages of BN outweigh the overhead
shortcoming:

• It improves gradient flow and allows training deeper models (e.g., ResNet).

• It enables using higher learning rates because it eliminates outliers activation,
hence the learning process may be accelerated using those high rates.
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• It reduces the dependency on initialization and then reduces overfitting due
to its minor regularization effect. Similarly to dropout, it adds some noise to
each hidden layer’s activation.

• Since the scale of input features would not differ significantly, the gradient
descent may reduce the oscillations when approaching the optimum and thus
converge faster.

• BN reduces the impacts of earlier layers on the following layers in DNNs.
Therefore, it takes more time to train the model to converge. However, the
use of BN can reduce the impact of earlier layers by keeping the mean and
variance fixed, which in some way makes the layers independent from each
other. Consequently, the convergence becomes faster.

The development of BN as a normalization technique was a turning point in the
development of DL models, and it enabled various networks to train and converge.
Despite its great success, BN exhibits drawbacks that are caused by its distinct
behavior of normalizing along the batch dimension. One of the major disadvantages
of BN is that it requires sufficiently large batch sizes to obtain good results. This
prevents the user from exploring higher-capacity models that would be limited by
memory. To solve this problem, several other normalization variants are developed,
such as Layer Normalization (LN) [161], Instance Normalization (IN) [162], Group
Normalization (GN) [163] and Filter Response Normalization (FRN) [164].

4.2 Related Work and Prior Art

Investigating the effect of learnable parameters of BN, scale (�) and shift (�), on
the training of various typical deep neural nets, Wang et al. [165] suggest that
there is no big difference in both training convergence and final test accuracy when
removing the BN layer following the final convolutional layer from a convolutional
neural network (CNN) for standard classification tasks. The authors claim that it
is not necessary to adjust the learnable gain and bias along the training process and
they show that the use of constant gain and bias is enough and these learneable
parameters have little effect on the performance. They also observe that without
adaptively updating learnable parameters for BN layers, it often requires less time
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for training of very deep neural nets such as ResNet-101.

Frankle et al. [166] also studied the effect of learnable BN parameters, showing
that BN’s trainable parameters alone can account for much of a network’s accuracy.
They found that, when locking all other layers at their random initial weights and
then training the network for fifty or so epochs, it will perform better than random.
As it adjusts a network’s intermediate feature representations for a given mini
batch, BN itself learns how to do so in a consistent way for all mini batches. The
researchers probed the impact of this learning by training only the BN parameters,
� and �, while setting all other parameters at random. Bjorck et al. [159] conducted
another experiment, similar to our study. They trained a ResNet that uses one
BN layer only at the very last convolutional layer of the network (removing all
the other BN layers coming after each CNN layer), normalizing the output of
the last residual block but without intermediate activation. This indicates that
after initialization, the network tends to almost always predict the same (typically
wrong) class, which is then corrected with a strong gradient update. In contrast,
the network with BN does not exhibit the same behavior; rather, positive gradients
are distributed throughout all classes. Their findings suggest that normalizing the
final layer of a deep network may be one of the most important contributions of
BN.

Zhu et al. [167] also adopted a similar idea of using the scalable version of a BN
layer to normalize the channel at the final output of the network, and improving
the classification performance of softmax without adding learnable BN parameters,
but controlling the output distribution by another scaling parameter. However,
their improvements on selected datasets were not significant (less then 0.3%).

Learning from small samples can also be regarded as out-of-distribution (OoD)
detection as the minority class represents the samples out of the distribution
of majority classes. While investigating the OoD image detection capability of
neural networks without Learning from OoD data, [168] proposed Generalised
ODIN (i.e. OoD image detection in neural networks [169]) framework that is
composed of two strategies: decomposing confidence scoring and modifying the
input pre-processing method. The original ODIN framework [169] also suggests
that temperature scaling and adding small perturbations to the input can separate
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the softmax score distributions of in- and out-of-distribution images, allowing for
more effective detection. Both of these frameworks tamper the confidence scoring
in the output layer but mentions BN layer within a regularization context.

Apart from these studies, to the best of our knowledge, there is no prior work
investigating the effect of BN utilization over imbalanced classification tasks when
set before the softmax output layer.

4.3 Implementation Details and Experimental Re-
sults

In this study, we primarily utilize the ResNet34 CNN architecture due to com-
putational requirements and a need for an iterative process to conduct a large
number of experiments. ResNet is evaluated on the ImageNet with a depth of up
to 152 layers - 8 times deeper than VGG nets but still having lower complexity.
An ensemble of these residual nets achieved a 3.57% error on the ImageNet test
set. This result won the 1st place in the ILSVRC 2015 classification task [170].

Our training process can be regarded as fine-tuning based on ImageNet checkpoints
using transfer learning. We firstly addressed the complete PlantVillage original
dataset and fine-tuned a ResNet34 model for 38 classes. Using scheduled learning
rates, we obtained 99.782% accuracy after 10 epochs – slightly improving the
PlantVillage project’s record of 99.34% using GoogleNet [171]. Having reproducing
these results, relatively easily, further boosts our confidence in selecting ResNet34
for the task.

4.3.1 Dataset Details

A prominent effort towards plant diseases’ detection is the Plant Village Disease
Classification Challenge. As part of the PlantVillage project, 54,306 images of 14
crop species with 26 diseases (including healthy, 38 classes in total) were made
publicly available [157]. The detailed distribution of the dataset and its classes can
be seen at Table 4.1.

Following the release of the PlantVillage dataset, deep learning (DL) was intensively
employed [171], with reported accuracy ranging from 85.53% to 99.34%. Without
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Table 4.1: Plant Village dataset distribution for 54,306 images of 14 crop species with
26 diseases. Each specie has certain number of unhealthy classes (e.g. apple scab and black
rot for Apple, bacterial spot and leaf mold for Tomato) and one healthy class, denoted in
Class Size column as the total number of classes.

Training Set Validation Set Class Size
Healthy Unhealthy Healthy Unhealthy

Potato 121 1600 31 400 3
Peach 288 1838 72 459 2
Cherry 684 842 170 210 2
Grape 339 2912 84 727 4
Tomato 1272 13132 318 3284 10
Pepper 1181 797 295 200 2
Corn 16 2005 5 4
Orange 0 4405 0 1102 2
Blueberry 1202 0 300 0 2
Apple 1316 1220 329 306 4
Squash 0 1448 0 365 2
Soybean 4072 0 1018 0 2
Raspberry 297 0 74 0 2
Strawberry 364 886 92 222 2
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any feature engineering, the best reported model correctly classifies crop and disease
in 993 out of 1,000 images (out of 38 possible classes). The PlantVillage dataset
is slightly imbalanced, such that accuracy is commonly used as the performance
measure.

In this study, to simulate rare events in agriculture, we capitalize on this dataset to
synthetically generate skewness and address our research question. With the first
model, using ResNet34 architecture [170] with pre-trained weights on ImageNet
and tuning the model for PlantVillage data sets, we reach 99.782% accuracy
after 10 epochs, i.e., we were able to correctly classify crop and disease from 38
possible classes in 998 out of 1,000 images. This result can be attributed to the
representation power of the ResNet architecture as well as to having a large number
of crop disease samples from different classes. Upon firstly reproducing the accuracy
rates reported in [171] on the original dataset, we considered the classification
problem under the generated imbalance.

We randomly picked 1,000 healthy and 10 unhealthy samples from a plant type for
the training set, 150 healthy and 7 unhealthy samples for the validation set, fine
tuned using the ResNet34 architecture, and then tested the model performance on
an equal number of healthy and unhealthy images (150 vs 150) in a test set. We did
this for 3 different plant types: Apple, Pepper, and Tomato. Training on just 10
samples and validating on 7 samples from minority class, we managed to correctly
predict more than 141 of 150 unhealthy images spanning over multiple anomalies
that may not exist in the training or validation set. When experimenting with
different configurations, we discovered a significant improvement of classification
performance by adding a final BN layer just before the output layer. We did more
experiments in the VGG19 framework [172] under the same settings, and managed
to correctly predict more than 143 of 150 unhealthy images, which is higher than
what we got through ResNet34: 130 out of 150.

4.3.2 Adding a Final Batch Norm Layer Before the Output
Layer

By using the imbalanced datasets for certain plant types (1,000 healthy/10 un-
healthy samples in the training set, 150/7 in the validation set and 150/150 in
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the test set), we performed several experiments with the VGG19 and ResNet34
architectures. The selected plant types were Apple, Pepper and Tomato - being
the only datasets of sufficient size to enable the 99%-1% skewness generation. We
treated unhealthy class as a minority class due to the fact that the abnormalities
are rare in the real-world as well and gathering the unhealthy images is harder
compared to healthy ones. So, we set the ratio of unhealthy images to 1% in train
set and 5% in validation set. But we created a balanced dataset for test set to test
the model performance on unseen images that are in an equal number for both
classes.

In order to fine-tune our network for the PlantVillage dataset, the final classification
layer of CNN architectures is replaced by Adaptive Average Pooling (AAP), BN,
Dropout, Dense, ReLU, BN and Dropout followed by the Dense and BN layer
again. The last layer of an image classification network is often a fully-connected
layer with a hidden size being equal to the number of labels to output the predicted
confidence scores that are normalized by the softmax operator to obtain predicted
probabilities. In our implementation, we add another 2-input BN layer after the
last dense layer (before softmax output) in addition to existing BN layers in the
tail and 4 BN layers in the head of the DL architecture (e.g., ResNet34 possesses a
BN layer after each convolutional layer, having altogether 38 BN layers given the
additional 4 in the head). A schematic outline of this architecture is provided in
Figure 4.2.

Figure 4.2: Implementation of the final BN layer in ResNet34, just before the softmax
output.

At first we run experiments with VGG19 architectures for selected plant types by
adding the final BN layer. When we train this model for 10 epochs and repeat this
for 10 times, we observed that the F1 test score is increased from 0.2942 to 0.9562
for unhealthy Apple, from 0.7237 to 0.9575 for unhealthy Pepper and from 0.5688
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to 0.9786 for unhealthy Tomato leaves. We also achieved substantial improvement
in healthy samples (being the majority in the training set). For detailed metrics
and charts, see Figure 4.3 and Table 4.2.

Figure 4.3: Averaged loss charts over 10 runs for the Apple dataset without final BN
(left), with final BN layer (right) and with WL (center) in VGG19 architecture. Without
WL, after adding the final BN layer, the test F1 score is increased from 0.2942 to 0.9562
for the minority class while the train and validation losses level off around 0.5 before
the model begins to overfit. It is also evident that the standard deviation among runs
(depicted as the shaded areas surrounding a given curve within each plot) is lower for the
latter case, as the training becomes smoother therein.

Table 4.2: Averaged F1 test set performance values over 10 runs, alongside BN’s total
improvement, using 10 epochs with VGG19, with/without BN and with Weighted Loss
(WL) without BN.

Plant Class without
final BN

with WL
(no BN)

with final BN
(no WL)

BN total
improvement

Apple Unhealthy 0.2942 0.7947 0.9562 0.1615
Healthy 0.7075 0.8596 0.9577 0.0981

Pepper Unhealthy 0.7237 0.8939 0.9575 0.0636
Healthy 0.8229 0.9121 0.9558 0.0437

Tomato Unhealthy 0.5688 0.8671 0.9786 0.1115
Healthy 0.7708 0.9121 0.9780 0.0659

In order to explain which parts of the image the network was looking at when it
made a prediction, we experimented with class-discriminative activation maps (a
generic localizable deep representation). Class activation maps [173], commonly
called CAMs, are class-discriminative saliency maps. While saliency maps give
information on the most important parts of an image for a particular class, class-
discriminative saliency maps help distinguish between classes. We run experiments
for Apple class with and wothout final BN layer using ResNet34 and visualized the
activation maps. As you can see at Figure 4.4, the model without final BN layer
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looks at the irrelevant parts of the picture and predicting wrong while it is looking
at the right parts when the final BN layer is added.

Figure 4.4: Class-discriminative activation maps of a sample prediction under two
settings (with and without final BN layer). Class-0 indicates Healthy and Class-1 indicates
Unhealthy. The first row belongs to the predictions under vanilla settings and the second
row belongs to the predictions when final BN layer is added. With final BN, the activations
for Unhealthy class is glowing over the wrong pixels and it is predicted as Healthy. The
probability of being Unhealthy is 36.5% and we see some minor activations closer to blight
areas while no activation is happening for Healthy class. On the other hand, with final BN,
the activations for Unhealthy class is glowing over the right pixels and it is predicted as
Unhealthy. The probability of being Healthy is 49.6% and we see some minor activations
closer to Healthy areas.

The highlighted parts (heatmap) basically tells us which parts of an image induced
the wrong classification. In this example, the model made the wrong prediction
because of the highlighted part.
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4.3.3 Experimentation Subject to Different Configurations

Using the following six configuration variations with two options each, we created
64 different configurations which we tested with ResNet34 (training for 10 epochs
only): Adding (X) a final BN layer just before the output layer (BN), using (X)
weighted cross-entropy loss [174] according to class imbalance (WL), using (X)
data augmentation (DA), using (X) mixup (MX) [175], unfreezing (X) or freezing
(learnable vs pre-trained weights) the previous BN layers in ResNet34 (UF), and
using (X) weight decay (WD) [176]. Checkmarks (X) and two-letter abbreviations
are used in Table 4.3 and Table 4.4 to denote configurations. When an option is
disabled across all configurations, its associated column is dropped.

Table 4.3: Best performance metrics over the Apple dataset under various configurations
using ResNet34.

Class Config
Id

Test set
precision

Test set
recall

Test set
F1-score Epoch BN DA UF WD

Unhealthy 31 0.9856 0.9133 0.9481 6 X
(class = 1) 23 0.9718 0.9200 0.9452 6 X X

20 0.9926 0.8933 0.9404 7 X X X X
Healthy 31 0.9193 0.9867 0.9518 6 X

(class = 0) 23 0.9241 0.9733 0.9481 6 X X
20 0.9030 0.9933 0.9460 7 X X X X

As shown in Table 4.3, just adding the final BN layer was enough to get the highest
F1 test score in both classes. Surprisingly, although there is already a BN layer
after each convolutional layer in the base CNN architecture, adding one more BN
layer just before the output layer boosts the test scores. Figure 4.5 shows that we
gain a boost in Test F1 score by more than double (by 1.2 times) just by adding a
final BN layer.

Notably, the 3rd best score (average score for configuration 31 in Table 4.4) is
achieved just by adding a single BN layer before the output layer, even without
unfreezing the previous BN layers. Moreover, it is evident that the additional BN
layer is never utilized among the worst performing configurations (see Table 4.4).

The model without the final BN layer is pretty confident even if it predicts falsely.
But the proposed model with the final BN layer predicts correctly even though
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Figure 4.5: The ratio of increase in Test-F1 scores per each configuration. The highest
relative gain in Test-F1 score for both classes is achieved by adding a final BN layer (only
one parameter is set to True at a time). The experiments show that the enhancement is
more than doubled just by adding a final BN layer (e.g., from 0.42 to 0.95 translates into
a (0.95-0.42)/0.42 = 1.2 gain factor).

Table 4.4: Best (top three) and worst (bottom three) performing configurations (F1
measure, for the unhealthy/minority class) when using ResNet34 for the Apple, Pepper
and Tomato datasets.

Config Id Apple Pepper Tomato Average BN DA MX UF WD

29 0.9332 0.9700 0.9866 0.9633 X X
28 0.9332 0.9566 0.9966 0.9622 X X X
31 0.9499 0.9433 0.9833 0.9588 X
49 0.6804 0.5080 0.5339 0.5741 X X X
48 0.5288 0.5638 0.5638 0.5521 X X X X
50 0.6377 0.5027 0.4528 0.5311 X X X
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it is less confident. We end up with less confident but more accurate models
in less than 10 epochs. The classification probabilities for five sample images
from the unhealthy class (class = 1) with final BN layer (right column) and
without final BN layer (left column) are shown in Table 4.5. As explained above,
without the final BN layer, these anomalies are all falsely classified (recall that
Psoftmax(class = 0) = 1� Psoftmax(class = 1)).

Table 4.5: Softmax output values (representing class probabilities) for five sample
images of unhealthy plants. Left column: Without final BN layer, softmax output values
for unhealthy, resulting in a wrong classification in each case. Right column: With final
BN layer, softmax output value for unhealthy, resulting in correct but less "confident"
classifications.

Without final BN layer With final BN layer

0.1082 0.5108
0.1464 0.6369
0.1999 0.6082
0.2725 0.6866
0.3338 0.7032

4.3.3.1 Removing the additional BN layer during inference

Since adding the final BN layer adds a small overhead (four new parameters) to the
network at each iteration, we experimented if the final BN layer could be dropped
once the training is finished so that we can avoid the cost. Dropping this final
BN layer means that training the network from end to end, and then chopping
off the final BN layer from the network before saving the weights. We tested this
hypothesis for Apple, Pepper and Tomato images from PV dataset under three
conditions with 1% imbalance ratio: Without final BN, with final BN and then
removing the final BN during testing. We observed that removing the final BN
layer in inference would still give us a considerable boost on minority class without
losing any performance gain on the majority class. The results in Table 4.6 show
that the performance gain is very close to the configuration in which we used the
final BN layer both in training and inference time. As a consequence, we confirm
an hypothesis that the final BN layer can indeed be removed in inference without
compromising the performance gain.
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Table 4.6: Training with the final BN layer, and then dropping this layer while evaluating
on the test set proved to be still useful in terms of improving the classification score on
minority classes, albeit not as much as with the final BN layer kept (imbalance ratio 0.01,
epoch 10, batch size 64).

Apple Pepper Tomoto
healthy unhealthy healthy unhealthy healthy unhealthy

with no final BN 0.71 0.22 0.74 0.45 0.74 0.46
with final BN 0.92 0.91 0.94 0.94 0.98 0.98
train with final BN 0.74 0.83 0.75 0.82 0.78 0.85
remove while testing

4.3.3.2 Impact level regarding the imbalance ratio and the batch size

In the previous sections, we empirically showed that the final BN layer, when placed
before the softmax output layer, has a considerable impact in highly imbalanced
image classification problems but they fail to explain the impact of using the final
BN layer as a function of level of imbalance in the training set. In order to find if
there is a certain ratio in which the impact is maximized, we tested this hypothesis
(H-1) over various levels of imbalance ratios and conditions explained below. In
sum, we ended up with 430 model runs, each with 10 epochs (basically tested with
5, 10, 15, .. 100 unhealthy vs 1000 healthy samples). During the experiments, we
observed that the impact of final BN on highly imbalanced settings is the most
obvious when the ratio of minority class to the majority is less than 10%; above
that almost no impact. As expected, the impact of the final BN layer is more
obvious on minority class than it is on majority class, albeit the level of impact
with respect to the imbalance ratio is almost same, and levels off around 10%. It is
mainly because of the fact that the backbone architecture (ResNet34) is already
good enough to converge faster on such data set (Plant Village) and the model
does well on both classes after 10% imbalance (having more than 100 unhealthy
with respect to 1000 healthy samples can already be handled regardless of final BN
trick). During these experiments, we also tested if unfreezing the previous layers in
the backbone CNN architecture (ResNet34) would also matter. We observed that
unfreezing the pretrained layers helps without even final BN layer, but unfreezing
adds more computation as the gradient loss will be calculated for each one of them.
After adding the final BN layer and freezing the previous pretrained layers, we
observed similar metrics and learning pattern as we did with unfreezing but not
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with final BN layer. This is another advantage of using the final BN that allow
us to freeze the previous pretrained layers. The results are displayed as charts in
Figure 4.6 and Figure 4.7.

Figure 4.6: The impact of final BN layer on the F1 test score of each class for Apple
plant. The impact is the most obvious when the ratio of minority class to the majority is
less than 0.1.

We also experimented if the batch size would also be an important parameter for
the minority class test accuracy when the final BN is added and found out that the
highest score is achieved when the batch size is around 64, whereas the accuracy
drops afterwards with larger batches. The results are exhibited in Figure 4.7.

4.3.3.3 Experimentation on the MNIST Dataset: The impact of final
BN layer in basic CNNs and FC networks

In order to reproduce equivalent results on a well known benchmark dataset when
utilizing different DL architectures, we set up two simple DL architectures: a
CNN network with five Conv2D layers and a one-layer (128-node) FC feed forward
NN. Then we sampled several pairs of digits (2 vs 8, 3 vs 8, 3 vs 5 and 5 vs 8)
from MNIST dataset that are mostly confused in a digit recognition task due
to similar patterns in the pixels. During the experiments, the ratio of minority
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Figure 4.7: The impact of batch size on the F1 test score when the final BN layer
added. The highest score is gained when the batch size is 64 and then the accuracy starts
declining.

class to majority is kept as 0.1 and experiments with the simple CNN architecture
indicates that, after adding the final BN layer, we gain ⇠ 20% boost in minority
class and ⇠ 10% in majority class. Lower standard deviations across the runs
with final BN layer also indicates the regularization effect of using the final BN
layer. As a result, we rejected a hypothesis that the performance gain through
the final BN layer can be reproduced with another dataset or with much simpler
neural architectures. Another important finding is that the final BN layer boosts
the minority class’ F1 scores only when there is a single majority class. When two
majority classes are set, no improvements are evident regardless of the usage of
the final BN layer (see 4th and 5th settings in Table 4.7). Therefore, we partially
confirm hypothesis (H-5) by showing that the performance gain through the final
BN layer can also be achieved in multi-classification settings but the number of
majority and minority classes may affect the role of the final BN layer. In the
experiments with a one-layer FC network, we enriched the scope and also tested
whether using different loss functions and output activation functions would have
an impact on model performance using final BN layer with or without another BN
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layer after the hidden layer. We observed that adding the final BN layer, softmax
output layer and categorical crossentropy (CCE) as a loss function have the highest
test F1 scores for both classes. It is also important to note that we observe no
improvement even after adding the final BN layer when we use sigmoid activation
in the output layer (Table 4.7). Accordingly, we reject hypothesis (H-6).

Table 4.7: Using the same ResNet-34 architecture and skewness (1% vs 99%) and setting
up five different configurations across various confusing classes from MNIST dataset, it is
clear that adding the final BN layer boosts the minority class F1 scores by 10% to 30%
only when there is a single majority class. When we have two majority classes, there is
no improvement observed regardless of the final BN layer is used or not. (X) indicates
minority classes.

Setting-1 Setting-2 Setting-3 Setting-4 Setting-5
3 (X) 8 2 (X) 8 3 (X) 5 3 (X) 5 8 3 (X) 5 (X) 8

without final BN 0.19 0.69 0.25 0.70 0.24 0.70 0.06 0.77 0.78 0.28 0.32 0.56
with final BN 0.55 0.76 0.50 0.74 0.54 0.76 0.00 0.77 0.78 0.58 0.59 0.69

Table 4.8: Using one-layer (128 node) NN and the 0.01 skewness ratio, with nine
different settings for 3 (minority) and 8 (majority) classes from MNIST dataset (100-
epoch). Adding the final BN layer, softmax output layer and CCE as a loss function has
the highest test F1 scores for both classes. (CCE - categorical cross entropy, BCE - binary
cross entropy, first BN - a BN layer after the hidden layer).

output
activation

loss
function

first
BN layer

final
BN layer

class-3
(minority)

class-8
(majority)

sigmoid BCE 0.17 0.67
softmax BCE 0.00 0.67
softmax BCE X 0.60 0.78
softmax CCE 0.67 0.80
sigmoid BCE X 0.05 0.67
softmax BCE X 0.85 0.88
softmax BCE X X 0.83 0.87
softmax CCE X 0.88 0.90
softmax CCE X X 0.78 0.85

4.4 Discussion

The metrics at Table 4.2 clearly indicate that after adding the final BN layer, the
F1 test score is increased from 0.2942 to 0.9562 for unhealthy Apple, from 0.7237
to 0.9575 for unhealthy Pepper and from 0.5688 to 0.9786 for unhealthy Tomato
leaves on average (10 runs). When compared to a network with WL but no final
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BN layer, the average improvement was 0.1615, 0.0636 and 0.1115 respectively.

To see what would have happened had we let the models further train, we conducted
a 100-epoch training for both models and compared the results. We observed that
the test accuracy with the model having a final BN layer quickly rises to 94%
within only 6 epochs, but then decreases steadily to 78% within a total of 100
epochs.

By adding a final BN layer just before the output, we normalize the output of
the final dense layer, and feed into the softmax layer so that we shrink the gap
between class activations (see Figure 4.8). As its name suggests, softmax will always
favor the large values when the layer outputs spread over large ranges (exponential
normalization). By applying BN to dense layer outputs, the gap between activations
is reduced (normalized) and then softmax is applied on normalized outputs, which
are centered around the mean. Therefore, we end up with centered probabilities
(around 0.5), but favoring the minority class by a small margin.

This shows that DNNs have the tendency of becoming ‘over-confident’ in their
predictions during training, and this can reduce their ability to generalize and thus
perform as well on unseen data. Actually, softmax activation leading to an over-
confident outputs is already a well-studied phenomenon and observed especially
when a neural network is trained with the cross-entropy loss as softmax classifiers
tend to output a highly confident prediction [177]. [178] sheds another light on
this topic and argues that the deep stack of non-linear layers in between the input
and the output unit of a neural network are a way for the model to encode a
non-local generalization prior over the input space and it makes output unit to
assign nonsignificant probabilities to regions of the input space that contain no
training examples in their vicinity.

In addition, large datasets can often comprise incorrectly labeled data, meaning
inherently the DNN should be a bit skeptical of the ‘correct answer’ to avoid being
overconfident on bad answers. This was the main motivation of Müller et al. [179]
for proposing the label smoothing, a loss function modification that has been shown
to be effective for training DNNs. Label smoothing encourages the activations of
the penultimate layer to be close to the template of the correct class and equally
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Figure 4.8: The x-axis represents the ground truth for all 150 healthy (0) and 150
unhealthy (1) images in the test set while red and blue lines represent final softmax
output values between 0 and 1 for each image. Top chart (without final BN): When
ground truth (black) is class = 0 (healthy), the softmax output for class = 0 is around
1.0 (blue, predicting correctly). But when ground truth (black) is class = 1 (unhealthy),
the softmax output for class = 1 (red points) changes between 0.0 and 1.0 (mostly below
0.5, NOT predicting correctly). Bottom chart (with final BN): When ground truth
(black) is class = 0 (healthy), the softmax output is between 0.5 and 0.75 (blue, predicting
correctly). When ground truth (black) is class = 1 (unhealthy), the softmax output (red
points) changes between 0.5 and 1.0 (mostly above 0.5, predicting correctly).

distant to the templates of the incorrect classes [179]. Despite its relevancy to our
research, label smoothing did not do well in our study as previously mentioned by
Kornblith et al. [180] who demonstrated that label smoothing impairs the accuracy
of transfer learning, which similarly depends on the presence of non-class-relevant
information in the final layers of the network.

Another observation is that a CNN with final BN is more calibrated when com-
pared to an equivalent network lacking that layer. The calibration principle [181]
states that the probability associated with the predicted class label should reflect
its ground truth correctness likelihood and a model is calibrated if its predicted
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outcome probabilities reflect their accuracy. Put it simply, neural networks output
"confidence" scores along with predictions in classification. Ideally, these confidence
scores should match the true correctness likelihood. For example, if we assign 80%
confidence to 100 predictions, then we’d expect that 80% of the predictions are
actually correct. If this is the case, we say that the network is calibrated. However,
this is not always being observed even in state-of-the-art neural architectures.

We tested the calibration of both networks (with and without final BN) by drawing
the reliability diagrams as suggested by Guo et al. [181] and found that when the
final BN layer is added, a network has much lower ECE (Expected Calibration
Error), i.e., ideal confidence relative to its own accuracy. In effect, a final BN
layered network is not ‘over-confident’ and as a result generalizes and performs
better on real world data. This is also confirmed by the fact that the network with
a final BN layer has a lower Brier score [182] (squared error between the predicted
probability vector and the one-hot encoded true response) than without a final BN
layer. Our calibration experiments (Figure 4.9.) show that that a network has
much lower ECE, i.e. has a more ideal confidence relative to its own accuracy. In
effect, a final BN-layered network is not ‘over-confident’ and as a result generalizes
and performs better on unseen datasets.

Figure 4.8 shows that softmax outputs level off around 0.5, as also depicted in
Figure 4.3. Since the network loss is optimized by using softmax output value and
the ground truth, focusing too much on loss minimization may not be viable when
the final BN layer is used in similar settings.

Additionally, we empirically demonstrated that the final BN layer could still be
eliminated in inference without compromising the attained performance gain. This
finding supports the assertion that adding the BN layer makes the optimization
landscape significantly smoother, which in turn renders the gradients’ behavior more
predictive and stable – as suggested by [158]. We argue that the learned parameters,
which were affected by the addition of the final BN layer under imbalanced settings,
are likely sufficiently robust to further generalization on the unseen samples, even
without normalization prior to the softmax layer.

The observation of locating a sweet spot (10%) for the imbalance ratio, at which
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Figure 4.9: The Brier score measures the mean squared difference between the predicted
probability assigned to the possible outcomes for item and the actual outcome. Therefore,
the lower the Brier score is for a set of predictions, the better the predictions are calibrated.
In this chart we see that a network without a final BN layer has a Brier score 0.349 while
the one with the final BN has 0.158, indicating a network much better calibrated.

we can utilize the final BN layer, might be explained by the fact that the backbone
ResNet architecture is already strong enough to easily generalize on the PV dataset
and the model does not need any other regularization once the number of samples
from the minority class exceeds a certain threshold. As the threshold found in our
experiments is highly related to the DL architecture and the utilized dataset, it is
clear that it may not apply to other datasets, but can be found in a similar way.

As discussed before, the BN layer calculates mean and variance to normalize
the previous outputs across the batch, whereas the accuracy of this statistical
estimation increases as the batch size grows. However, its role seems to change
under the imbalanced settings – we found out that a batch size of 64 reaches the
highest score, whereas by utilizing larger batches the score consistently drops. As a
possible explanation for this observation, we think that the larger the batches, the
higher the number of majority samples in a batch and the lesser the chances that
the minority samples are fairly represented, resulting in a deteriorated performance.

During our experiments, we expected to see similar behavior with sigmoid activation
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replacing softmax in the output layer, but, evidently, the final BN layer works
best with softmax activations. Although softmax output may not serve as a good
uncertainty measure for DNNs compared to sigmoid layer, it can still do well on
detecting the under-represented samples when used with the final BN layer.

Moreover, large datasets can often comprise incorrectly labeled data, meaning
inherently the DNN should be a bit skeptical of the ‘correct answer’ to avoid being
overconfident on bad answers. This was the main motivation of Müller et al. [179]
for proposing the label smoothing, a loss function modification that has been shown
to be effective for training DNNs. Label smoothing encourages the activations of
the penultimate layer to be close to the template of the correct class and equally
distant to the templates of the incorrect classes [179]. Despite its relevancy to our
research, label smoothing did not do well in our study as previously mentioned by
Kornblith et al. [180] who demonstrated that label smoothing impairs the accuracy
of transfer learning, which similarly depends on the presence of non-class-relevant
information in the final layers of the network.

4.4.1 Additional Experiments

In addition to the aforementioned experiments, we ran more tests to further support
our findings: Turning off the bias at the final dense layer when the final BN layer is
added, using SeLU [183] instead of BN in the last layer, freezing and unfreezing the
previous BN layers, label smoothing, training a simple CNN from scratch rather
than utilizing SOTA architectures.

Also, additional corroboration was achieved over the ISIC Skin Cancer dataset [184]
as well as the Wall Crack dataset [185] exhibiting similar patterns of behavior and
thus supporting our reported findings. These observations and the code to reproduce
the results mentioned in this paper are fully reported in the supplementary material.

4.5 Conclusions

This chapter demonstrated that regardless of freezing or unfreezing the previous
layers in the pre-trained modern CNN architectures, putting an additional BN
layer just before the softmax output layer has a considerable impact in terms
of minimizing the training time and test error for minority classes in a highly
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imbalanced dataset (especially in a setting where a high recall is desired for the
minority class). Our experiments show that using ResNet34 we can achieve an F1
test score of 0.94 in 10 epochs for the minority class while we could only achieve
0.42 without using the final BN layer. Using VGG19, the same approach increases
the F1 test score from 0.25 to 0.96 in 10 epochs. Using VGG19, the same approach
increases the F1 test score from 0.25 to 0.96 in 10 epochs. As evident from Table 4.2,
upon adding the final BN layer the F1 test score is increased from 0.2942 to 0.9562
for the unhealthy Apple minority class, from 0.7237 to 0.9575 for the unhealthy
Pepper and from 0.5688 to 0.9786 for the unhealthy Tomato when WL is not used
(all are averaged values over 10 runs). When compared to a network with WL
but without a final BN layer, the averaged improvements were 0.1615, 0.0636 and
0.1115 respectively. We showed that the highest gain in test F1 score for both
classes (majority vs. minority) is achieved just by adding a final BN layer, resulting
in a more than three-fold performance boost on some configurations.

We also argueed that trying to minimize validation and train losses may not be
an optimal way of getting a high F1 test score for minority classes. We presented
that having a higher train and validation loss but high validation accuracy would
lead to higher F1 test scores for minority classes in less time. That is, the model
might perform better even if it is not confident enough while making a prediction.
So, having a confident model (lower loss, higher accuracy) may favor the majority
class in the short run and ends up with lower F1 test scores for minority class due
to the conjecture that it learns to minimize error in majority class regardless of
class balance. Since BN (like dropout) adds stochasticity to the network, and the
network learns to be robust to this stochasticity during the entire training, it was
expected that the final BN layer would be detrimental for the network to cope with
the stochasticity right before the output [167]. However, we observed the contrary
in our experiments.

This chapter also showed that lower values in the softmax output may not necessarily
indicate ‘lower confidence level’, leading to another discussion why softmax output
may not serve as a good uncertainty measure for DNNs. In classification, predictive
probabilities obtained at the end of the pipeline (the softmax output) are often
wrongly interpreted as model confidence. As we have clearly shown, a model can
be uncertain in its predictions even when having a high softmax output [186].
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In the experiments mentioned in this chapter, we noticed that the performance
gain after adding the final BN layer in highly imbalanced settings could still be
achieved after removing this additional BN layer during inference; in turn enabling
us to get a performance boost with no additional cost in production. Then we
explored the dynamics of using the final BN layer as a function of the imbalance
ratio within the training set, and found out that the impact of final BN on highly
imbalanced settings is the most apparent when the ratio of minority class to the
majority is less than 10%; there is hardly any impact above that threshold.

We also ran similar experiments with simpler architectures, namely a basic CNN
and a single-layered FC network, when applied to the MNIST dataset under various
imbalance settings. The simple CNN experiments exhibited a gain of ⇠ 20% boost
per the minority class and ⇠ 10% per the majority class after adding the final
BN layer. In the FC network experiments, we observed improvements by 10% to
30% only when a single majority class was defined; no improvements were evident
for two majority classes, regardless of the usage of the final BN layer. While
experimenting with different activation and cost functions, we found out that using
the final BN layer with sigmoid activation had almost no impact on the task at
hand.

Overall, our study has shed light on the unexpected impact of the final BN layer
in simpler neural networks while dealing with imbalanced datasets. This discovery
presents exciting opportunities for further investigation in the future, as it requires
a more comprehensive analysis to fully understand its implications. Moving forward,
we suggest that future researchers explore the generalization of our findings to a
wide range of neural models, utilizing a combination of softmax activation or an
appropriate loss function for use in imbalanced image classification problems.

Additionally, we recommend examining the potential implications of our findings
in real-world scenarios, such as improving the accuracy of image classification in
medical diagnosis or object recognition in autonomous vehicles. We believe that
exploring these avenues will not only advance our understanding of neural networks,
but also have practical implications for a variety of fields.

To sum, the overall contributions of this chapter have been the following compo-
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nents:

• Putting an additional BN layer just before the output layer has a considerable
impact in terms of minimizing the training time and test error for minority
classes in highly imbalanced image classification tasks. Our experiments
show that the initial F1 test score increases from the 0.29-0.56 range to the
0.95-0.98 range for the minority class when we added a final BN layer just
before the softmax output layer.

• Trying to minimize validation and train losses may not be an optimal way for
getting a high F1 test score for minority classes in binary anomaly detection
problems. We illustrate that having a higher training and validation loss but
high validation accuracy leads to higher F1 test scores for minority classes in
less time and using the final BN layer has a calibration effect. That is, the
network might perform better even if it is not ‘confident’ enough while making
a prediction. We will also argue that lower values in softmax output may
not necessarily indicate ‘lower confidence level’, leading to another discussion
about why softmax output is not a good uncertainty measure for deep learning
(DL) models.

• The performance gain after adding the final BN layer in highly imbalanced
settings could still be achieved after removing this additional BN layer during
inference; in turn enabling us to get a performance boost with no additional
cost in production.

• There is a certain threshold for the ratio of the imbalance for this specific
PV dataset, upon which the progress is the most obvious after adding the
final BN layer.

• The batch size also plays a role and significantly affects the outcome.

• We replicated the similar imbalanced scenarios in MNIST dataset, reproduced
the same BN impact, and furthermore demonstrated that the final BN layer
has a considerable impact not just in modern CNN architectures but also
in simple CNNs and even in one-layered feed-forward fully connected (FC)
networks.
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• We illustrate that the performance gain occurs only when there is a single
majority class and multiple minority classes; and no improvement observed
regardless of the final BN layer when there are two majority classes.

• We argue that using the final BN layer with sigmoid activation has almost no
impact when dealing with a strongly imbalanced image classification tasks.
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Chapter 5

The Role of Self-Supervised
Learning

5.1 Self-Supervised Learning

5.1.1 Motivation

CV models have typically been trained using supervised learning, a process in which
humans provide labels for images in order to help the model recognize patterns.
This can be time-consuming, as it requires human annotators to assign class labels
or draw bounding boxes around objects in the images. An alternative approach is
self-supervised learning (SSL), in which the model is able to learn from the data
itself, without the need for human-provided labels.

This is often achieved by applying different image transformations or crops to the
same image, and then using the model to learn that these modified images still
contain the same visual information. During the SSL training process (Figure 5.1),
the augmented version of the original sample is considered as a positive sample,
and the rest of the samples in the batch/dataset (depends on the method being
used) are considered negative samples. Next, the model is trained in a way that it
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learns to differentiate positive samples from the negative ones [187]. While doing
so, the model learns quality representations of the samples and is used later for
transferring knowledge to downstream tasks.

Figure 5.1: Contrastive learning pipeline for self-supervised training (source: [187])

This idea is advocated by an interesting experiment conducted by Epstein in 2016
[188], where he asked his students to draw a dollar bill with and without looking at
the bill (from memory) (Figure 5.2). Evidently, the drawing made in the absence of
the dollar bill is quite primitive compared with the drawing made from an exemplar,
even though the students have seen a dollar bill thousands of times. The results
from the experiment show that the brain does not require complete information
of a visual piece to differentiate one object from the other. Instead, only a rough
representation of an image is enough to do so [187].

Figure 5.2: Epstein dollar bill experiment: Drawing a dollar bill with and without
looking at the bill (source: [188])
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This training process allows the model to learn a latent representation (a vector
output) for the same objects, which can be useful for downstream tasks such as
object detection and semantic segmentation. Transfer learning can then be applied
to this pre-trained model, allowing it to be fine-tuned on a smaller labeled dataset
to perform specific tasks. As we’ll be illustrating clearly in the following sections,
models trained with self-supervised learning (SSL) tend to generalize better than
their supervised counterparts for transfer learning (see Figure 5.3)

5.1.2 Background

The capacity to discover structure in the world without someone explicitly providing
supervision/teaching is considered a human-level capability. Likewise, learning
about the structure of data leads to useful representations about the world. Ideally,
we’d want neural networks to learn initial structures which have wide applicability
and to do so on their own without human annotated labels. On the other hand,
supervised learning requires vast amounts of carefully annotated and curated data
that actually increases the amount of tedious and laborious jobs in many ways. It’s
almost impossible to label everything in the world with every possible useful label
if we want to achieve a decent generalization power that would lead to zero-shot
learning capabilities. We need orders of magnitude more data, to which labeling is
going to be very expensive.

The proposed solution to this issue is usually applying a transfer learning, a well-
known technique in CV that involves using pre-trained deep convolutional neural
networks (DCNNs) as a starting point to learn a new task. These large models
are trained on massive supervised datasets, such as ImageNet, and their features
have been found to adapt well to new problems. Transfer learning is often used
when annotated training data is scarce and involves taking the pre-trained weights
of a model, adding a new classifier layer on top, and retraining the network. It
has been shown that using pre-trained weights to initialize a model for a new task
tends to result in faster learning and higher accuracy compared to training from
scratch with random initialization.

However, transfer learning relies on models trained on supervised datasets, which
can be costly to create due to the need for annotation. In contrast, unsupervised
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data is abundant and can be used to learn representations that can be used to
improve supervised models. This makes it a potentially valuable approach for
improving the efficiency and effectiveness of transfer learning. Also known as
unsupervised learning, unsupervised representation learning is concerned with
addressing the following issue: learning good representations from unlabeled data.

Unsupervised representation learning, which involves training a model to learn
useful representations of data without the need for labeled examples, has the
potential to unlock a number of applications that current transfer learning has not
been able to address. However, it has historically been a more difficult problem
than supervised representation learning. One example of this is in the task of breast
cancer detection, where the best solutions currently rely on ImageNet pre-trained
models as a starting point. Despite the significant differences between breast cancer
images and regular ImageNet samples, transfer learning still proves effective to some
extent in this context. This is because most supervised datasets for breast cancer
detection are smaller and have less variability than common CV supervised datasets.
However, there is a large number of non-annotated slide images of breast cancer
available, and if good representations could be learned from this unsupervised data,
it could help to improve specific downstream tasks that have limited annotated
data. Fortunately, visual unsupervised representation learning has shown promise,
particularly with the use of contrastive-based techniques. These techniques are
now able to learn visual representations that are similar to those learned using
supervised methods in some self-supervised benchmarks.

There is often confusion surrounding the concepts of unsupervised learning and self-
supervised learning. While self-supervised learning can be considered a subcategory
of unsupervised learning because it does not involve manually-provided labels,
unsupervised learning is more specifically focused on identifying specific patterns in
data, such as clustering, community discovery, or anomaly detection. On the other
hand, self-supervised learning aims to reconstruct or predict missing information,
which is more similar to the goals of supervised learning. In this sense, self-
supervised learning can be seen as a hybrid approach that combines elements of
both supervised and unsupervised learning [31].

The self-supervised training strategy in CV has so far been inspired by the approach
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in natural language processing (NLP) in a sense of pre-training on a vast amount
of training data and then fine-tuning on a target data set [189]. Owing to the
latest breakthrough in ‘attention’ based neural network architectures [190], namely
‘transformers’, no one would argue that the key ingredient of success in the NLP
world recently has been the self-supervised pre-training. The pre-training tasks
use vast amounts of data available online to create a learning signal and this scale
is much better than supervised learning and it doesn’t deflate away any of the
rich semantic information in the images by projecting onto a single label selected
from only a handful of possible categories. Given different representations of the
same image we want to learn a representation space where representations from the
same image are close together and at the same time far apart from representations
of other images. This simple idea is remarkably based on nothing other than
similarity, which eventually leads to powerful representations.

Figure 5.3: Self-supervised representation learning performance on ImageNet top-1
accuracy under linear classification protocol. The self-supervised learning’s ability on
feature extraction is rapidly approaching the supervised method. (source: [187])

SSL models can be grouped under four categories:
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• Generative (autoregressive models (predicting the next token/pixel), non-
autoregressive models (masking a token/pixel and predicting the masked
token/pixel) flow-based models, auto-encoding (AE) models, and hybrid
generative models)

• Predictive tasks (predicting the relative location of the image patches, pre-
dicting whether the next fragment is the next sentence, solving the puzzles
created from shuffled patches of an image, predicting the cluster id of each
sample, predicting the image rotation angle, etc.)

• Contrastive (MoCo, SimCLR, SimSiam etc.)

• Generative-Contrastive (adversarial) (GAN, VQ-VAE2, BiGAN etc.)

5.1.3 Contrastive Self-Supervised Learning

In this dissertation, we will focus more on contrastive SSL approaches. Contrastive
learning involves the creation of positive and negative training sample pairs based
on the characteristics of the data. The goal is for the model to learn a function
that assigns high similarity scores to positive samples and low similarity scores
to negative samples. Therefore, it is crucial to properly generate the samples in
order to ensure that the model can effectively learn the underlying features and
structures of the data.

Forcing the model to generate the supervisory signals out of the data itself, the
machine supervision is the process of creating a label but the human supervision is
reduced to the process of selecting suitable data sets and data augmentations. We’re
still adding prototypical human knowledge into the model via the back door but
with significantly less onus on the humans. In other words, we’re effectively letting
the machine itself discover structures and categories by predicting unobserved or
hidden relationships either in time or in space. We see similar examples around
the same idea in the literature. Recent advances in large language models such
as ChatGPT and GPT-4 have demonstrated the potential of machines to discover
patterns and relationships in data on their own, paving the way for new approaches
to machine learning and artificial intelligence that rely less on human supervision.
As we continue to explore these exciting new possibilities, it’s clear that the role of
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humans in machine learning will continue to evolve and transform in the years to
come.

Self-supervised learning in NLP, particularly with BERT [191] and GPT [192], has
demonstrated significant success, prompting researchers to explore the application
of similar generative approaches in other domains such as image and speech
recognition. However, generating masked inputs for image data presents more
challenges compared to text data, as it is more difficult to selectively mask a large
number of image pixels (it is easier to choose a limited amount of text tokens).

With the help of SSL, in CV we’re trying to learn the fundamental property of an
image that you should be able to recognize irrespective of many common distortions
of images. The idea of using data augmentations to vary individual data points and
then differentiating all of those variations from other data points is not new by any
means. Exemplar networks for example cast the representation learning problem
as a classification problem with every image in the data set representing its own
class. Later the idea is refined and the problem is converted from a parametric to
a non-parametric classification by using the data points themselves as classification
weights.

The idea of Noise Contrastive Estimation (NCE) from the discipline of learning
word vectors and NLP is highly used in SSL based models. NCE [193] is a
way of learning a data distribution by comparing it against a noise distribution.
This allows us to cast an unsupervised problem as a supervised problem. It is
similar to Negative Sampling, which is an approximation mechanism that was
invented to reduce the computational cost of normalizing network outputs by
summing over the entire vocabulary. Negative Sampling [194] is a backbone of
word embeddings concept in NLP (learning vector embeddings of words to help
with Natural Language tasks) and it aims at maximizing the similarity of the
words in the same context and minimizing it when they occur in different contexts.
However, instead of doing the minimization for all the words in the dictionary
except for the context words, it randomly selects a handful of words depending on
the training size and uses them to optimize the objective.

One of the most popular self-supervised frameworks with this simple concept
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of NCE, SimCLR [195] delivered another push in performance by dramatically
simplifying the architecture and the data augmentations used. Now in the early
days of contrastive SSL such as FaceNet and SimCLR, we had explicit positives
and negatives. The models would try to distinguish different augmented images by
classifying which image it was.

Contrastive learning in the field of CV involves using data augmentation to generate
positive sample pairs from a single original image, and using two distinct images
as negative sample pairs. Two key factors that can affect the effectiveness of this
approach are the strength of the data augmentation and the selection of negative
sample pairs. If the data augmentation is too strong, such that the two augmented
samples bear no relationship to one another, the model will not be able to learn
useful information. Similarly, if the data augmentation is too weak, the model will
also not be able to learn effectively. In terms of selecting negative sample pairs,
it is important to avoid randomly assigning two images as negative pairs if they
are likely to belong to the same class, as this can introduce conflicting noise to the
model. At the same time, the negative pairs should not be too easy to distinguish,
as this can prevent the model from learning the underlying features and structures
of the data.

This approach of contrastive learning, i.e., learning representations by enforcing
similar elements to be equal and dissimilar elements to be different, made the
strong assumption that everything else that isn’t within this particular class is
dissimilar. At the same time, this approach was also quite flawed because training
a classifier to distinguish between all the possible pairs of images didn’t scale very
well with the number of images. SimCLR also produced this really clever idea of
a projection head where the representations we compare in the objective are not
the ones we actually use downstream. This means that we can effectively learn a
broad similarity but maintain fine grained representations. The projectors may
have as many parameters as the backbones themselves.

It’s a really interesting question if we just want to turn an image into a vector
that we could then train a linear classifier on top of what is the best way of
doing that. The “bootstrap your own latent”, or BYOL method [196], moved
away from comparing different images and instead focused on metric learning.

118



Chapter 5. The Role of Self-Supervised Learning

Features are trained by comparing them to a momentum encoder and using a
much smaller batch size. It turned out that the momentum encoder wasn’t even
that useful. What’s clear from looking at the self-attention masks is that the
self-supervised representations are far richer than the supervised ones even though
the supervised ones typically have slightly better accuracy. Supervised classification
is like cheating on an exam by knowing what the questions will be in advance
and all the model needs to know is how to pass that particular exam. This is
the so-called shortcut rule where we optimize on a particular metric at the cost
of everything else. We already know from the No Free Lunch theorem [197] that
such highly specific accuracy comes at the cost of generalization. Self-supervised
learning can bypass such specific and narrow objectives that perform well at specific
downstream tasks and instead build much more broadly applicable and general
purpose representations.

Data augmentation is the secret and the most important ingredient in making
self-supervised learning work so well. The data augmentation that we need for
self-supervised learning is different from the data augmentation that we need for
supervised learning. When we have contrastive learning, we have this problem
which is that if there’s only one dominant feature in your data that can be used
to perform the contrastive task. That would be the only feature that the network
would ever learn. So with augmentation we’re somewhat making the task harder
so that the network actually has to learn many different kinds of features.

In a nutshell, the data augmentation techniques that we do are different for SSL
compared to supervised learning. For instance, aggressive color distortion is quite
important in self-supervised learning. This is because in the self-supervised setting
where we’re comparing different augmented representations from the same image it
would be easy for the model to overfit on the color histogram instead of learning
the richer information. If we think about it, not all trees in nature have the same
color histogram but in SSL all of the individual images will have the same color
histogram. Data augmentation also serves as a proxy for what might happen. In
real life we’re an agent interacting with the environment going around all of these
different places and we see objects in a variety of different circumstances and we
know different transformations being applied to our viewpoint.
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In this section, we will briefly explore the popular SSL algorithms to give a rough
idea about how each one of them tackles the problem of extracting the signals from
unlabelled data. You can find a detailed survey of SSL methods in [187].

• SimCLR [195]

• MoCo [198]

• SimSiam [199]

• BYOL [196]

• SwAV [200]

• Barlow Twins [201]

• DINO: [202]

BYOL and Barlow Twins in this list are considered as non-contrastive SSL methods.

5.1.3.1 SimCLR: A Simple Framework for Contrastive Learning of
Visual Representations

There has been a proliferation of SSL approaches for learning image representations
in recent years, with each method showing incremental improvements over previous
ones. However, the performance of these methods has generally remained inferior
to that of supervised learning methods. This changed with the publication of the
SimCLR paper [195], which demonstrated not only superior performance over
previous state-of-the-art self-supervised learning methods, but also outperformed
supervised learning methods on ImageNet classification when using a larger model
architecture.

The SimCLR framework is based on a straightforward concept: a single image is
transformed through various random modifications to generate a pair of augmented
images. These images are then processed through an encoder, resulting in repre-
sentations that are further transformed by a non-linear fully connected layer. The
objective of the framework is to maximize the similarity between the two resulting
representations for a given image (see Figure 5.4).
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The training flow can be described as follows:

1. Obtain an input image

2. Apply two random augmentations to the image, including transformations
such as rotations, changes in hue/saturation/brightness, zooming, and crop-
ping, etc. (see [195] for the entire list and ranges).

3. Use a deep neural network (preferably a convolutional one, such as ResNet50)
to generate image representations (embeddings) of the augmented images.

4. Utilize a small, fully connected linear neural network to project the embed-
dings into another vector space.

5. Compute the contrastive loss and apply backpropagation through both net-
works. The contrastive loss decreases when the projections derived from the
same image are similar (e.g. have a high cosine similarity).

The contrastive loss decreases when the projections of augmented images that were
derived from the same input image are similar. For two augmented images (i) and
(j) that were generated from the same input image, the contrastive loss for (i) tries
to identify (j) among the other images in the same batch.

5.1.3.2 MoCo: Momentum Contrast for Unsupervised Visual Repre-
sentation

MoCo was first presented in [198] in 2020 and further improved to MoCo v2 in
[203]. There is another iteration called MoCo v3 in [204] which introduces a
fundamental adaptation of the training process and the model architecture. In
the following paragraphs, We will first discuss the original ideas presented in the
original implementation [198], followed by a review of the improvements made in
subsequent versions as the method has been continually refined.

In the MoCo paper, the unsupervised learning process is framed as a dictionary
look-up: Each view or image is assigned a key, just like in a dictionary. This key is
generated by encoding each image using a convolutional neural network, with the
output being a vector representation of the image. Now, if a query is presented to
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Figure 5.4: An illustration of the SimCLR training procedure. SimCLR employs
contrastive learning to optimize the consistency between two augmented versions of
the same image. The aim is to increase the similarity between these two augmented
representations of the same image. (source: https://simclr.github.io/ )

this dictionary in the form of another image, this query image is also encoded into
a vector representation and will belong to one of the keys in the dictionary, the
one with the lowest distance.

In the original study, the unsupervised learning process is described as a dictionary
look-up: Each view or image is assigned a key, similarly to the way words are
assigned definitions in a dictionary. The key is generated by encoding each image
using a convolutional neural network, which produces a vector representation of
the image. If a query, in the form of another image, is presented to this dictionary,
it is also encoded into a vector representation and will be associated with the key
in the dictionary that has the lowest distance from it.

The training process works as follows (see Figure 5.5): A query image is selected
and processed by the encoder network to compute the encoded query image (q).
The goal of the model is to learn to differentiate between a large number of different
images, so the encoding of the query image is compared to not just one mini-batch of
encoded key images, but to multiple mini-batches. To do this, the MoCo algorithm
maintains a queue of mini-batches that are encoded by the momentum encoder
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network. When a new mini-batch is selected, its encodings are added to the queue
and the oldest encodings are removed. This allows the model to query from a much
larger dictionary, decoupling the dictionary size (represented by the queue) from
the batch size. If the encoding of the query image matches a key in the dictionary,
it is determined that the two views are from the same image (e.g. different crops
of the same image). If the encoding of the query image is found to be similar to
a key in the dictionary, it can be inferred that the two views are from the same
image (e.g. different crops of the same image).

Figure 5.5: The encoder to compute the encoded query image is depicted on the left,
and the queue of mini-batches of keys and the momentum encoder is on the right [198].

This loss function enables the model to learn to assign smaller distances to views
from the same image and larger distances to views from different images. The
model is trained using backpropagation through the encoder network. The authors
aim to obtain a consistent encoding for each image using the momentum encoder.
To prevent the weights from becoming frozen and not reflecting the progress of
the model’s learning, they propose using a momentum update instead of copying
the encoder’s weights. This is achieved by setting the momentum encoder network
to be updated using a momentum-based moving average of the query encoder for
each training iteration.

In MoCo v2 [203], the authors incorporate some of the ideas from the SimCLR
paper into their model. Previously, for training a linear classifier after pre-training
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MoCo, they had added a single linear layer to the model. In MoCo v2, this layer
has been replaced with an MLP projection head, resulting in improved classification
performance. Additionally, stronger data augmentations similar to those used in
SimCLR have been introduced, including the addition of blur and stronger color
distortion to the v1 augmentations. In the latest version, MoCo v3, a different
training process is adopted to improve the architecture.

5.1.3.3 SimSiam: Simple Siamese Representation Learning

In previous approaches, the use of large numbers of negative sample pairs, which
required large batch sizes, resulted in high computational and memory demands.
Some prior approaches addressed this issue by employing momentum encoders as
a workaround to avoid the need for large batch sizes. SimSiam aims to eliminate
these requirements and create a simple SSL framework.

SimSiam is a proposed simple Siamese network that is able to learn meaningful
representations without using negative sample pairs, large batches, or momentum
encoders. The Siamese structure is a key factor in the overall success of the
considered baselines and a stop-gradient operation plays a crucial role in preventing
collapse. It does not require a large batch size in order to operate, unlike SimCLR,
and performs better than SimCLR in most of the cases.

[205] says that the performance actually degrades as the number of negatives is
increased for a fixed batch size and using fewer negatives can lead to a better
signal-to-noise ratio for the model gradients. This could explain the SimSiam’s
improved performance with respect to SimCLR since large negative samples or
large batch sizes to ensure large negative samples are not needed in SimSiam.

SimSiam follows a standard contrastive learning setup in which two networks with
shared weights are presented with two different augmented views of the same image,
and an MLP projection head transforms one view to match the other. Notably,
the contrastive loss is symmetrical: the output of one of the networks is treated as
constant (using stop-gradient), and the output of the second network is projected
to match it. The roles of the two networks are then reversed, with the output of
the first network projected and matched to the “constant” output of the second
network. The two losses are averaged, and each of the networks receives gradient
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for the loss term, with stop-gradient not applied to its output.

In a nutshell, given an image, we create two augmented views and process these
two versions with the same encoder network (a backbone plus a projection MLP).
Then, we maximize the similarity at the end by minimizing the negative cosine
similarity to optimize the parameters.

5.1.3.4 BYOL: Bootstrap Your Own Latent

Contrastive methods are less expensive as described by the authors of BYOL [196]:
“Contrastive approaches avoid a costly generation step in pixel space by bringing
representation of different views of the same image closer (‘positive pairs’), and
spreading representations of views from different images (‘negative pairs’) apart.”

Having to compare each sample to many other negative samples is problematic,
because it introduces instabilities into the training, and reinforces systematic biases
from the dataset. Here is how this phenomenon es clearly explained in [196]:
“Contrastive methods are sensitive to the choice of image augmentations. For
instance, SimCLR does not work well when removing color distortion from its
image augmentations. As an explanation, SimCLR shows that crops of the same
image mostly share their color histograms. At the same time, color histograms
vary across images. Therefore, when a contrastive task only relies on random crops
as image augmentations, it can be mostly solved by focusing on color histograms
alone. As a result the representation is not incentivized to retain information
beyond color histograms.”

Unlike other contrastive learning methods, BYOL achieves state-of-the-art perfor-
mance without requiring negative samples. Like a siamese network, BYOL uses two
identical encoder networks, referred to as the online and target networks, to obtain
representations and minimizes the contrastive loss between the two representations.

The goal of BYOL is to ensure that similar samples have similar representations,
while contrastive learning aims to ensure that dissimilar samples have dissimilar
representations. Training with BYOL is more efficient, as it does not require
negative sampling and only samples each training example once per epoch. This can
lead to better generalization of the model, as it is less sensitive to systematic biases
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in the training dataset. BYOL minimizes the distance between the representation of
each sample and a transformed version of that sample, such as through translation,
rotation, or blurring.

Since BYOL does not require negative sampling, the training process is more
efficient as we only sample each training example once per epoch. The negative
counterparts can be ignored altogether. In return, the model is less sensitive to
systematic biases in the training dataset, leading to better generalizations on unseen
examples.

5.1.3.5 SwAV: Swapping Assignments between multiple Views of the
same image

As explained before, contrastive learning methods involve the direct comparison
of features from different transformed versions of the same images. In contrast,
SwAV does not directly compare image features. Instead, it involves the creation of
intermediate targets by assigning image features to prototype vectors and solving
a “swapped” prediction problem, in which the targets are altered for two different
views of the same image. Figure 5.6 illustrates the difference between contrastive
instance learning and swapping assignments between the views.

SwAV is more efficient because it does not require a large memory bank or an
auxiliary momentum network. Instead of directly comparing features, it clusters
the data and enforces consistency between cluster assignments for different aug-
mentations of the same image simultaneously. In other words, it uses a “swapped”
prediction mechanism where the cluster assignment of a view is predicted from the
representation of another view. This method can be trained with large and small
batches and can handle an unlimited amount of data.

One of the important contributions of the original SwAV paper is a new data
augmentation strategy called ‘multi-crop’, that uses a mix of views with different
resolutions in place of two full-resolution views, without increasing the memory or
compute requirements. Hence, not only two larger crops are created, but also up
to 4 smaller crops are taken. This is one of the keys for why SwAV can boost its
performance in comparison to other approaches [200].
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Figure 5.6: In contrastive learning methods applied to instance classification, the
features from different transformations of the same images are compared directly to each
other. In SwAV, the codes obtained from one data augmented view are predicted using
the other view. Thus, SwAV does not directly compare image features [200].

5.1.3.6 Barlow Twins: Self-Supervised Learning via Redundancy Re-
duction

Recent research in SSL aims to learn embeddings that are invariant to distortions
of the input sample. This is typically accomplished by applying augmentations
to an input sample and attempting to make their representations as similar as
possible. However, a common issue is that there are often trivial constant solutions
that the network can rely on, resulting in no meaningful learning.

Similarly to other SSL methods, Barlow twins, aims at learning representations
(embeddings) that are invariant to input distortions. An important detail is that
the encoder is actually made up of an encoder network followed by a “projector”
network. The encoder executes feature extraction while the projector designs the
embedding’s high dimensional space. Representations learned are used to train
classifiers on downstream tasks, while embeddings are fed into the loss function to
train the model.

The objective function in the Barlow Twins method is designed to prevent collapse
by measuring the cross-correlation matrix between the outputs of two identical
networks fed with distorted versions of a sample. This causes the embedding
vectors of distorted versions of a sample to be similar while minimizing redundancy
between the components of these vectors. This method does not require large
batches or asymmetry between the network twins, such as a predictor network,
gradient stopping, or a moving average on weight updates. Interestingly, it benefits
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from very high-dimensional output vectors. It outperforms previous methods on
ImageNet for semi-supervised classification in the low-data regime and performs
comparably to the current state-of-the-art for ImageNet classification with a linear
classifier head and for transfer tasks of classification and object detection. The
Barlow twins method either outperforms or performs comparably to most other
self-supervised learning architectures on a variety of computer vision downstream
tasks [201].

5.1.3.7 DINO: Emerging Properties in Self-Supervised Vision Trans-
formers

DINO works by interpreting self-supervision as a special case of self-distillation,
where no labels are used at all. The idea is to train a student network by simply
matching the output of a teacher network over different views of the same image.
The authors of DINO [202] identified two components from previous self-supervised
approaches that are particularly important for strong performance on the Vision
Transformer (ViT) – the momentum teacher (MoCo) and multi-crop training
(SwAV) – and integrated them into DINO framework. The resulting model achieves
state-of-the-art performance above all previously proposed self-supervised systems,
clearly depicting the potential of ViTs for self-supervised learning.

In DINO, there is a teacher and student network, both having the same architecture,
a Vision Transformer (ViT). The teacher is a momentum teacher, which means
that its weights are an exponentially weighted average of the student’s. During
training, different crops of one image are taken. Small crops are called Local
views and large crops are called Global views. All crops are passed through the
student, while only the global views are passed through the teacher. Additionally,
random augmentations are applied on the views to make the network more robust.
The Cross entropy loss is applied to make the student’s distribution match the
teacher’s, allowing the student network to have the same proportions of features as
the teacher. The teacher, having a larger context, predicts more high-level features,
which the student must also match.

To ensure the teacher’s knowledge is not lost, the stop-gradient operator is applied
on the teacher to propagate gradients only through the student. The teacher param-
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eters are updated with an exponential moving average of the student parameters.
This process is aimed at making the network address a classification problem such
that it can learn meaningful global representations from local views. To prevent
mode collapse two techniques are used: Centering and Sharpening. In centering,
the teacher’s raw activations have their exponentially moving average subtracted
from them. In sharpening, temperature is applied to the softmax to artificially
make the distribution more peaked. DINO learns a significant amount about the
visual world by identifying object parts and shared characteristics across images,
resulting in a feature space with a structured and interpretable organization of
similar categories. This allows for efficient k-NN classification without the need
for fine tuning or learning classifiers. When compared to state-of-the-art SSL
techniques on the task of ImageNet classification, DINO consistently demonstrates
superior performance across different throughput regimes. The original DINO
paper [202] also shares some interesting findings and observations regarding the zero
shot object segmentation capacity of DINO. DINO has shown to have understood
object semantics so well that its attention maps look like segmentation masks.
Figure 5.7 shows such an example in which a ViT network trained with DINO
with no supervision automatically learns class-specific features and able to segment
the objects better than a network that is trained with full supervision.

Figure 5.7: Self-attention from a ViT with 8 × 8 patches trained with no supervision
automatically learns class-specific features leading to unsupervised object segmenta-
tions [202].

Other than the ones covered above, there are many other SSL algorithms proposed
so far. Even though the fundamental idea behind each of these methods looks
similar, there might be some nuances in their implementation due to the tasks
they’re trying to solve. Figure 5.8 shows the fundamental differences between
siamese based SSL algorithms in one visual.
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Figure 5.8: Comparison on Siamese architecture-based SSL frameworks. The encoder
includes all layers that can be shared between both branches. The dash lines indicate the
gradient propagation flow. Therefore, the lack of a dash line denotes stop-gradient [206].

5.2 Preliminary: SSL applied to small subsets of
Plant Village data

In order to assess the effectiveness SSL on small data, we run some experiments
with SimCLR on Plant Village (PV) dataset that we explored in detail in chapter 4.
Here we applied the following steps:

1. Train a supervised image classifier with ResNet34 on the entire PV dataset
using the labels, drop the fully connected (FC) classifier (head) layers, use
the backbone network as a feature extractor, collect feature embeddings of a
small sample of PV dataset (Apple class, 10 healthy, 10 unhealthy), train a
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simple classifier model (backbone network plus a couple of FC dense layers
as a head classifier) on this small dataset to classify healthy and unhealthy
classes, and then test on a comparatively larger dataset (Apple class, 150
healthy, 150 unhealthy).

2. Train a self-supervised model with SimCLR (backbone ResNet34) model on
the entire PV dataset without using the labels, use the backbone network
as a feature extractor and do the rest as described above.

3. Repeating the same with G-SimCLR (backbone ResNet34) model with and
without multi-crop augmentation on a small sample of PV dataset (Apple
class, 10 healthy, 10 unhealthy).

4. Repeating the same with SwAV over various set of small samples (Apple
class 20 healthy vs 10 unhealthy, 5 healthy vs 5 unhealthy etc.).

Before delving into the results of these experiments, it is worth to explain the
underlying concept behind G-SimCLR, Self-Supervised Contrastive Learning with
Guided Projection via Pseudo Labelling [207]. As mentioned before, SimCLR
aims to maximize the similarity between the two resulting representations for a
given image while also minimize the similarity between the very same image and
then resulting representations from the other images. It’s quite probable that there
might be near-duplicate or similar images already appearing in the same dataset
and SimCLR would still try to treat even the near-duplicate images as negative
pairs of one another, causing high loss that slows down the convergence. Even
if the negative impact of this phenomenon is slightly prevented by large batches
and large amount of unlabelled images, it would still be undesirable when we have
small amount of images.

In order to attack this, G-SimCLR proposes a method for generating information
about the label space without using explicit labels, and then using this information
to improve the quality of representations learned through SimCLR. This approach
involves training a denoising autoencoder in a self-supervised manner by minimizing
the reconstruction loss between the input and noisy images, and using the latent
space representations from the trained autoencoder to cluster the input space of
images and assign each image to a corresponding cluster, referred to as pseudo
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labels. In simple terms, the image representations from encoder are clustered and
the batches are created by picking images from different (dissimilar) clusters. These
pseudo labels are then incorporated into the determination of training batches for
SimCLR to reduce the risk of images from the same label space being included in
the same batch. The steps applied in G-SImCLR can be seen at Figure 5.9 and
the cluster visualizations (with tSNE) can be seen at Figure 5.10.

Figure 5.9: In G-SimCLR, the latent space representations of all the images in the
dataset is clustered and then the batches to feed in SimCLR training process are generated
via these clusters to reduce the risk of images from the same label space being included
in the same batch.

The results from these experiments are depicted in Figure 5.11. These results
demonstrate that the G-SimCLR method with multi-crop augmentation achieves
the highest accuracy (0.9113) among all the experiments; even higher than what
we get from the approach that we collect the feature embeddings through the
backbone of fully supervised trained network (0.8767). This indicates that SSL
would be a strong player for dealing with small datasets where the labelled samples
are scarce or expensive to gather.

5.3 Salient Image Segmentation as a Surprising
Player in SSL

5.3.1 Introduction: Salient Image Segmentation

Salient image segmentation is a CV task that involves identifying the most promi-
nent or eye-catching objects or regions in an image. It plays a crucial role in
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Figure 5.10: The visualizations of clusters that is generated by the latent space
representations (vectors) of all the images in the PV dataset show that there are several
distinct clusters that we can leverage to form the batches accordingly.

various image and video analysis applications such as object recognition, scene
understanding, and image retrieval. The goal of salient image segmentation is to
automatically highlight the most important regions in an image, which may include
objects, backgrounds, or even textures. These regions are typically characterized
by their visual distinctiveness, such as their color, shape, size, or texture.

There are several approaches to salient image segmentation, including bottom-up
approaches that rely on low-level image features and top-down approaches that
leverage high-level context and prior knowledge. In recent years, there has been
a significant amount of research on developing deep learning-based approaches
for salient image segmentation, which have shown promising results on various
benchmark datasets [208]. Despite the progress made in the field, salient image
segmentation remains a challenging task due to the variability and complexity of
visual scenes. It is also a highly dynamic task, as the saliency of an image can
change depending on the context and the viewer’s focus of attention.

We propose an augmentation policy for Contrastive SSL in the form of an already
established Salient Image Segmentation technique entitled Global Contrast based
Salient Region Detection. This detection technique, which had been devised for
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Figure 5.11: The chart above shows the performance of various approaches for
classifying healthy and unhealthy plant leaves using different numbers of labeled and
unlabeled samples. The x-axis represents the number of samples from both healthy and
unhealthy leaves in the test set, while the y-axis indicates the classification accuracy
achieved by each method. The performance of each approach was evaluated using a
10-epoch SSL training process on the entire Plant Village (PV) dataset (size 55K) without
any labels, followed by a logistic regression classification for 50-epochs using reduced
samples. The results show that G-SimCLR with multicrop augmentation and only 10
labeled samples from each class performed the best, outperforming both a fully supervised
version using the entire 55K labeled dataset and a supervised training approach with 1000
healthy samples and 10 unhealthy samples. In addition, SwAV was also found to perform
better than the supervised approach, but not better than G-SimCLR.

unrelated Computer Vision tasks, was empirically observed to play the role of an
augmentation facilitator within the SSL protocol. This observation is rooted in
our practical attempts to learn, by SSL-fashion, aerial imagery of solar panels,
which exhibit challenging boundary patterns. Upon the successful integration of
this technique on our problem domain, we formulated a generalized procedure
and conducted a comprehensive, systematic performance assessment with various
Contrastive SSL algorithms subject to standard augmentation techniques. This
evaluation, which was conducted across multiple datasets, indicated that the
proposed technique indeed contributes to SSL. We hypothesize whether salient
image segmentation may suffice as the only augmentation policy in Contrastive
SSL when treating downstream segmentation tasks.
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Despite recent advances in CV, the effectiveness of visual recognition and learning
still very much depends on manual annotations and on how well they represent
the images at hand. Given the substantial amount of available unlabeled data and
the costly manual annotation, new methods for online and unsupervised learning
are crucial for achieving robust and efficient visual learning. Current unsupervised
learning methods do not perform learning under a genuine unsupervised state –
they rather focus on transfer learning, or unsupervised tasks subject to strong
features that were pre-trained in a supervised way. Therefore, there is a need
to investigate algorithms for unsupervised learning of completely new categories,
such as SSL to learn in a continuous, long-term fashion. Indeed, SSL needs also
to generalize the classical unsupervised learning scenario of physical objects to
scenarios of higher-level actions and more complex activities, and at the same time
develop capabilities to detect abnormalities in visual data [209], [210].

The requirement for very large datasets of manually labeled instances may seem
counter-intuitive since this is not how humans learn to recognize new objects.
Humans are constantly fed with images through their eyes, and are able to learn an
object’s appearance and to distinguish it from other objects without knowing what
the object exactly is. Moreover, collecting large-scale datasets is time-consuming
and expensive, while the supervised approach to learn features from labeled data
has almost reached its saturation due to the intense labor required in manually
annotating millions of data instances. This is because most of the modern CV
systems (that are supervised) try to learn some form of image representations by
finding a pattern that links the data points to their respective annotations in large
datasets [187]. Moreover, the data annotation efforts vary from task to task, and it
is estimated that the time spent on image segmentation and object detection (i.e.,
carefully drawing boundaries) is four times longer than the image classification
itself [211]. The annotation efforts become significantly higher when it comes to
highly regulated and specialized domains like medicine and finance in which the
expertise level of the human annotator matters more than in any other domain.
Moreover, supervised learning not only depends on expensive annotations but also
suffers from other drawbacks such as generalization errors, spurious correlations,
and being prone to adversarial attacks [31].

In this section, we explore the viability of using an unsupervised image segmentation
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technique called ’Global Contrast based Salient Region Detection (SGD)’ [100] as
an augmentation policy (rather than a proxy task) in contrastive SSL methods and
study its impact on downstream supervised image segmentation tasks in low data
regimes. To the best of our knowledge, this is the first study that explores salient
object segmentation techniques as an augmentation policy in contrastive SSL.

We will show that using this SGD algorithm as an image augmentation policy in
SSL produces better representations for downstream image segmentation tasks
when compared to default augmentation policies commonly utilized in SSL methods.
In order to make the integration of SGD into SSL pretraining routines feasible,
we also devise a simple manipulation called offline augmentation with hashing
that enables running comprehensive experiments with various parameters and
configurations. We will also provide evidence that SGD-based augmentation policy
in SSL performs better with low resolution images.

The current section targets the following research questions:

Would SGD produce better representation when used as an augmenta-
tion policy in Contrastive SSL? Moreover, would salient image segmen-
tation suffice as the only augmentation policy in Contrastive SSL when
treating downstream segmentation tasks?

The concrete contributions of this section are the following:

• Comparing a relatively old unsupervised image segmentation technique,
Global Contrast based Salient Region Detection (SGD), with recent deep
learning (DL)-based image segmentation algorithms.

• Evaluating the viability of a generative model (Pix2Pix) as a proxy for
computationally expensive image augmentation methods.

• Devising an SGD-based efficient offline augmentation technique to incorporate
any expensive augmentation policy in DL training routines.

• Employing SGD as an offline augmentation policy (rather than a proxy task)
in contrastive SSL methods and study its impact on downstream supervised
image segmentation and object detection tasks.

136



Chapter 5. The Role of Self-Supervised Learning

• Illustrating that fine-grained details in high resolution images would negatively
impact the performance of SSL when compared to the coarse-grained details
in low resolution images.

• Formulating a recommendation for choosing the most appropriate SSL method
(accounting for the the augmentation technique, downstream task and even
the imagery resolution).

The remainder of the section is organized as follows: Section 5.3.2 describes the
concrete motivation that ignited this research, and then summarizes related work
as well as various SSL approaches, including the role of data augmentation therein.
It concludes with presenting the SGD method in detail. Section 5.3.4 outlines the
experimental setup regarding SGD, including the datasets the various preliminary
efforts to make SGD-based augmentation policies viable in DL training routines. It
then presents the attained results. Section 5.3.5 discusses the findings and proposes
possible mechanistic explanations, and finally Section 5.3.6 concludes by pointing
out the key points and future directions.

5.3.2 Background

Explicitly, SSL is a machine learning process where the model trains itself to
learn one part of the input from another part of the input. In other words, the
model learns from labels that are presumably already intrinsic in the data itself.
This process is also known as predictive or pretext learning and the unsupervised
problem is transformed into a supervised problem by auto-generating the labels.
To effectively exploit the huge quantity of unlabeled data, it is crucial to set the
right learning objectives, in order to obtain the appropriate supervision from the
data itself.

Transfer learning (TL) has been presented as an effective solution for constructing
robust feature representations when the training set for a given problem is small.
As its name suggests, TL aims to transfer knowledge and learned features from
one task (the source task) to another related target task, just as a person can
utilize the same knowledge across different projects. To do this, TL trains the
model on a large labeled dataset and then treats this model as a starting point in
the target task’s training, without learning from scratch. This dataset creates the
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target task’s representation model, using the same architecture as the source task.
The initialized representation network in the target task is then further trained on
the target dataset. So we can say that the workflows of SSL and TL are similar,
with only slight differences. The key difference between TL and SSL is that TL
pre-trains on labeled data, whereas SSL utilizes unlabeled data to learn features
and need only a small number of labelled example [212].

Within the context of utilizing unlabeled data to learn the underlying representa-
tions, SSL can be organized as (i) handcrafted pretext tasks-based, (ii) contrastive
learning-based and (iii) clustering learning-based approaches. In handcrafted pre-
text tasks-based method, a popular approach has been to propose various pretext
tasks that help in learning features using pseudo-labels while the networks can be
trained by learning objective functions of the pretext tasks and the features are
learned through this process [187]. Tasks such as image-inpainting [213], colorizing
gray-scale images [214], solving jigsaw puzzles [215], image super-resolution [216],
video frame prediction [217], audio-visual correspondence [218], to mention the most
prominent, have proven to be effective for learning good representations. In doing
so, the model learns quality representations of the samples and is used later for
transferring knowledge to downstream tasks. The selection of an appropriate proxy
task (pretext) is critical to the effectiveness of self-supervised learning. It requires
careful design, and indeed, numerous researchers investigated various approaches
for given downstream tasks. For example, [219] proposed a proxy task to classify
whether a given pair of kidneys belong to the same side; with the assumption that
the network needs to develop an understanding of the structure and sizes of the
kidneys.

On the other hand, contrastive learning (CL) is a training method wherein a
classifier distinguishes between “similar” (positive) and “dissimilar” (negative) input
pairs. It is essentially the task of grouping similar samples closer to each other,
unlike setting diverse samples far from each other. During training, the augmented
version of the original sample is considered as a positive sample, and the rest of the
samples in the batch/dataset (depends on the method being used) are considered
negative samples. Next, the model is trained in a way that it learns to differentiate
positive samples from the negative ones. Constructing positive and negative
pairs via data augmentation allows the model to learn from inter-class variance
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(uniformity) by pushing negative pairs far away, and from intra-class similarity
(alignment) by pulling positive pairs together. The core concept is to maximize the
dot product between the feature vectors which are similar and minimize the dot
product between those of which are not similar. CL methods use contrastive loss
that is evaluated based on the feature representations of the images extracted from
an encoder network. As briefly explained in section 5.1.3, the popular methods that
recently started to produce results comparable to the state-of-the-art supervised
learning methods, even with less labelled images, can be regarded as DINO [202],
SwAV [200], MoCo [198], [203] , BYOL [196], SimSiam [199] and SimCLR, [220],
[195]. The representation extraction strategies differ from one method to another
(e.g. BYOL does not even need negative pairs) but the changes are very subtle and
without rigorous ablations, it is hard to tell which one works better on a case at
hand. The widely used approach to evaluate the learned representations through
the SSL’s pre-training process is the linear evaluation protocol [221], where a linear
classifier (e.g., SVM, Logistic Regression, etc.) is trained on top of the frozen
backbone network (image representations are derived from the final or penultimate
layers of the backbone network as a feature vector). Finally, the test accuracy is
used as a proxy for representation quality (Figure 5.12).

Data augmentation is critical for effective learning in contrastive SSL methods, and
the composition of multiple data augmentation operations is key to defining effective
contrastive prediction tasks that yield high-quality representations. Stronger data
augmentation is particularly beneficial for contrastive SSL when compared to
supervised learning, with techniques such as color distortion and cropping playing a
key role in producing effective views for the considered dataset [195]. These findings
underscore the importance of carefully selecting and combining data augmentation
techniques when developing contrastive SSL models for a wide range of applications.

Augmentations can be regarded as an indirect way to pass human prior knowledge
into the model, and an effective augmentation should discard the unimportant
features for the downstream task (i.e., removing the “noise” to classify an im-
age). The nature of the selected augmentations should fit the downstream task,
maintain the image semantics (meaning), introduce the model with challenging
assignments/tests. Their selection depends upon the dataset’s underlying distribu-
tion and cardinality, whereas a recent study [222] further claims that augmentations
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are problem-class-dependent.

Let us add more clarity to crafting an augmentation policy that should give the
model a hard time and why its selection is dependent on the dataset’s diversity
and size. In contrastive SSL, we feed pairs/different views of the same image to
the network and these views should be visually dissimilar in a way that the model
should have a hard time while bringing them together if the views are coming from
the same image or pushing them apart if they are coming from different images. If
a weak augmentation is applied, it will be an easy job for the network to puss/pull;
hence the learning will not be strong enough. Dataset’s diversity and size play a
role here as the more diverse the dataset, the easier it gets for the model to push
dissimilar views (in low diversity datasets in which there many similar images, it is
harder to push dissimilar views).

The most popular data augmentation techniques in contrastive SSL include rotation,
crop, cut, flip, color jitter, blur, Gaussian noise and gray scale. Almost all of the
contrastive SSL methods use these (or similar) augmentation techniques at certain
degrees no matter what the downstream task is. Selection of the most suitable
augmentation policy is a crucial step in contrastive SSL. [195] systematically studied
the impact of data augmentation and observed that no single transformation suffices
to learn good representations, even though the model can almost perfectly identify
the positive pairs in the contrastive task. When composing augmentations, the
contrastive prediction task becomes harder, but the quality of representation
improves dramatically. Compared to handcrafted pretext tasks-based methods,
contrastive SSL methods are easier to implement but the pretraining process
is computationally expensive as they require large batches and large amount of
unlabelled datasets. Nevertheless, the pretrained backbone ConvNets through
contrastive SSL methods generally produce better latent representations and
perform well on downstream tasks.

Importantly, even though classical image segmentation methods can be regarded as
one of the pretext tasks in SSL, the downstream segmentation and object detection
tasks usually try to detect/segment certain salient objects and areas in an image,
rather than entire textures, which unsupervised segmentation algorithms generate.
While essentially solving a segmentation problem, salient object detection and
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segmentation approaches segment only the salient foreground object from the
background, rather than partitioning an image into regions of coherent properties
as in general segmentation algorithms. That is, using a salient image segmentation
in SSL is likely to generate better representations when the downstream task is
defined as either image segmentation or object detection.

Figure 5.12: Linear evaluation protocol to evaluate the learned representations of a
pretraining process of SimSiam [199].

5.3.2.1 Global Contrast based Salient Region Detection (SGD)

SGD, also known as SaliencyCut [100], is an automated unsupervised salient
region extraction method, an improved iterative version of GrabCut [223], which
introduced a contrast analysis method to integrate spatial relationships into region-
level contrast computation. In GrabCut, the user initially draws a rectangle around
the foreground region in an image, and then the algorithm iteratively segments it
to get the best result. The executed steps are (i) estimating the color distribution
of the foreground and background via a Gaussian Mixture Model (GMM), (ii)
constructing a Markov random field over the pixels labels (i.e., foreground vs.
background), and (iii) applying a graph cut optimization to arrive at the final
segmentation. Instead of manually selecting this rectangular region to initialize
the process, SaliencyCut is using histogram-based contrast (HC) and region-based
contrast (RC) techniques (that are also suggested in the same paper) to create
saliency maps and then binarizes this map using a fixed threshold (e.g., value of
70).
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In RC, the input image is first segmented into regions, then the color contrast
at the region level is computed, and saliency for each region is finally defined
as the weighted sum of the region’s contrasts to all other regions in the image.
The weights are set according to the spatial distances with farther regions being
assigned smaller weights.

In HC, the number of colors needed to consider is reduced to 1728 by quantizing
each color channel to have 12 different values (12 color values per channel in R-G-B).
Considering that color in a natural image typically covers only a small portion
of the full color space, the number of colors is further reduced by ignoring less
frequently occurring colors. By choosing more frequently occurring colors, and
by ensuring that they cover the colors used de facto by more than 95% of the
image pixels, we are typically left with around n = 85 colors. The colors of the
remaining pixels, which comprise fewer than 5% of the image pixels, are replaced
by the closest colors in the histogram.

Once the saliency map is initialized with RC and HC, GrabCut is iteratively run
(i.e., iterative refinements) to improve the SaliencyCut result. After each iteration,
dilation and erosion operations are used on the current segmentation result to get
a new trimap for the next GrabCut iteration. During this iterative refinement,
adaptive fitting is used (regions closer to an initial salient object region are more
likely to be part of that salient object than far-away regions). Thus, the new
initialization enables GrabCut to include nearby salient regions, and exclude non-
salient regions according to color dissimilarity. See [100] for more details regarding
SGD and Figure 5.13.

Finally, Figure 5.14 presents the outcomes’ comparison of SGD-based segmentation
versus latest unsupervised segmentation on PASCAL VOC 2012 [225].

5.3.3 Related Work

Semantic segmentation is the task of assigning each pixel to a specific class label.
The class labels can be the same as for object detection, but unlike the object
detection task, which labels each instance of an object as separate objects, semantic
segmentation only assigns a pixel a specific class label and does not differentiate
instances of objects.
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Figure 5.13: Given an input image (top), a global contrast analysis is used to compute
a saliency map (middle), which can be used to produce an unsupervised segmentation
mask (bottom) for an object of interest [224].

As the augmentations in any SSL method should be tailored a priori and fit in
terms of the downstream tasks, devising an augmentation policy for downstream
segmentation tasks depends on harnessing the intrinsic features that help model
learn how to segment the objects in an image. This is usually achieved through
auxilary tasks such as rotating, cropping, colorization etc. One of the most
useful auxilary tasks can be regarded as image colorization that is introduced in
[214] as a process of estimating RGB colors for grayscale images. The backbone
network within the pretrained model performed well for downstream tasks like
object classification, detection, and segmentation compared to other methods.
The study in [229] also suggested a similar technique to automatically colorize
grayscale images by merging local information dependent on small image patches
with global priors computed using the entire image. Since these two techniques
employ a strategy of finding suitable reference images and transferring their color
onto a target grayscale image, the semantic information plays a little role and
has the potential to actually hamper the SSL. Probably one of the most useful
colorization tasks is suggested by [230], in which a system must interpret the
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semantic composition of the scene (what is in the image) as well as to localize
objects (where things are) to incorporate semantic parsing and localization into
a colorization system. In a generative manner, [213] proposed image inpainting,
a context-based pixel prediction where the network understands the context of
the entire image as well as the hypothesis for missing parts, hence assisting in
extracting the semantic information.

There are many other auxiliary tasks proposed in SSL but most of these methods
focus on basic inherent visual features, like image patches and rotation, which
are very simple tasks that are not likely to completely learn the semantics and
the spatial features of the image. Actually, the default augmentation policies in
contrastive SSL methods are the derivation of these auxiliary tasks. To the best of
our knowledge, salient image segmentation has not been used as an auxiliary task
in any SSL method before, let alone contrastive SSL.

5.3.4 Implementation, Setup & Results

Given the aforementioned research question, we derive concrete experimentation
tasks:

1. Preliminary: Applying SGD to the PVs’ datasets

2. Obtaining a solid and an efficient implementation

3. Testing the primary hypothesis: SGD as an augmentation policy

5.3.4.1 Setup and Datasets

We used the following datasets in the current study:

• Aerial Drone Images for Solar Photovoltaic (PV) Panels Defects
(NORCE-PV): This dataset is provided by NORCE (Norwegian Research
Centre) and has 790 high resolution aerial drone images. It is originally
gathered for PV panels defect detection classification and annotated by
NORCE internally. In this study, we will not be dealing with defect classes
but the images themselves to run the experiments. The dataset is not publicly
available.

144



Chapter 5. The Role of Self-Supervised Learning

• Multi-resolution PV Dataset From Satellite and Aerial Imagery
(MultiRes-PV): This dataset includes three groups of PV samples collected
at the spatial resolution of 0.8m, 0.3m and 0.1m, namely PV08 from Gaofen-2
and Beijing-2 imagery, PV03 from aerial photography, and PV01 from UAV
orthophotos. In this study, we only used PV01 rooftop images (645 in total)
that comes with segmentation masks that come within 256x256 size [231].

• CIFAR10: The CIFAR-10 dataset consists of 60,000 32x32 colour images in
10 classes, with 6000 images per class. There are 50,000 training images and
10,000 test images [232].

• STL10: The STL-10 dataset is a subset of ImageNet, consists of 1300 labelled,
100,000 96x96 unlabelled colour images in 10 classes. In particular, each class
has fewer labeled training examples than in CIFAR-10, but a very large set
of unlabeled examples is provided to learn image models prior to supervised
training [233].

5.3.4.2 Preliminary: Running SGD on NORCE-PV and MultiRes-PV
Datasets

SGD is a computationally expensive process and it produces segmentations on
various level of details given the size of an image. For instance, it takes ⇠ 2min
to generate a saliency map (segmentation) of an 600x450 RGB image, while it
takes around ⇠ 1sec to accomplish the same process on 60x45 (10% of the original
image). In the cases wherein a highly detailed segmentation map is needed, SGD
implementation would be practically impossible to implement on real time. In some
other cases wherein a rough segmentation map would suffice, applying SGD on a
reduced size of an image would still produce useful segmentation. On the other hand,
when we apply SGD on low resolution images like MultiRes-PV images (256x256),
we may need to upscale the image to get a better segmentation. The outcome of
applying SGD on various sizes of NORCE-PV (high resolution), NORCE-PV (high
resolution, zoomed-in) and MultiRes-PV (low resolution) images is presented in
Figures 5.16, Figures 5.17 and 5.18, respectively.

We also run STEGO [234] and DETIC [102], two recent popular zero-shot DL-based
image segmentation algorithms, on our datasets and compare results with SGD. As
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evident in Figure 5.15, DETIC obtains impressive results as it is already capable
of detecting solar arrays from natural images (it is trained to detect 20 thousand
different objects out of the box). Compared to the heavy STEGO algorithm,
developed just a few months ago, SGD performs comparatively better.

5.3.4.3 An Efficient Implementation

Employing SGD on any DL training routine as an augmentation or transformation
policy is highly inefficient in terms of computational costs. Notably, using GPU
is not an option due to a layered (a mixture of OpenCV and Python functions)
image preprocessing techniques along with RC and HC methods. The fact that
thousands of images are to pass through this process in each epoch renders the
integration of SGD in the DL training process practically infeasible. Our tests
indicate that training a Resnet-18 ConvNet with SGD augmentation to classify PV
defects using the NORCE-PV dataset (790 images, shape 32x32), for one epoch,
takes ⇠ 50 min on Tesla K80 (11.5GB) GPU.

Image to Segmentation Map Translation via Pix2Pix To achieve feasiblity,
we firstly thought about training a generative DL model to learn SGD segmentations
via image translation and then replace the SGD process with this generative model.
We chose the Pix2Pix architecture [235] for this purpose and trained several models.
We basically fed the original images and SGD-segmented version to the network
and trained further to get the model learn translating one image to another. Using
this Pix2Pix model within the Resnet-18 training routine to replace SGD reduced
the duration from ⇠ 50 min to ⇠ 30 min per epoch. Even though the results
look promising (Figure 5.19), there are several drawbacks, e.g., information loss
during the translation process, being outperformed on image instances that were
under-represented, and the limited speed-improvement gains – which altogether
render this process unviable in practice.

Offline Augmentation with Hashing SGD is a computationally expensive
method that results in a speed bottleneck when used in DL training routines and
it might be one of the reasons that such a strong segmentation method could not
establish itself despite all the latest advancements in similar fields. Since SGD
is basically a deterministic approach, the segmentation map is always the same
except colors; hence the contours and overall shapes are always identical for an
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image. In other words, even if the pixel colors change at each iteration of SGD, the
overall shapes and lines in an image are always the same, unless resizing is applied.
Experimenting around this attribute, we devised an unprecedented solution by
running SGD once for all the images in the dataset and creating a segmentation
mask for each image and then reusing that every epoch during training without
running SGD again and again. In order to simulate the random colors and make
the model invariant to colors (so it can focus more on other features, e.g., contrast,
shapes, lines etc.), we also applied random color jittering and swapping from the
same color palette utilized by SGD. Next, we describe the explicit steps:

(Step-1) Read every image in the dataset as a numpy array and hash it to store the
entire image as a single hash code (string),

(Step-2) Run SGD over every image in the dataset and save the segmentation map as
an image to the disk,

(Step-3) Create a dictionary (key-value pairs) with the hash strings (of Step-1) as
keys and the file path of every segmentation map as the associated value (if
reading from disk becomes a bottleneck, all of the segmentation maps can be
read at once and stored in the memory as an array),

(Step-4) In model training with original images, get the hashmap of every image array
and find the file path of corresponding segmentation map from the dictionary
above at each iteration, and read that image from the disk or from memory
if it is stored in memory,

(Step-5) Apply color jittering to randomly swap the colors of the augmented image
and use that as a proxy augmented image during the rest of the process.

This technique allowed SGD process to run instantly (practically below 1sec) as
the segmentation maps are read from disk/memory at real-time at no cost.

5.3.4.4 Using SGD as an Augmentation Policy in Contrastive SSL
Algorithms

In the Contrastive SSL pre-training routine, the augmented version of the original
sample is considered as a positive sample, and the rest of the samples in the

147



5.3. Salient Image Segmentation as a Surprising Player in SSL

batch/dataset (depends on the method being used) are considered negative samples.
Then, the model is trained in a way that it learns to differentiate positive samples
from the negative ones. In doing so, the model learns quality representations of
the samples and is used later for transferring knowledge to downstream tasks.

A predefined CV architecture (e.g., ResNet50, VGG19, EfficientNet etc.) is typically
used as a ConvNet backbone, and the weights (model parameters) are updated
during this contrastive SSL process. Then, the backbone is saved and used in
another architecture as a starting point or just as a facilitator of feature extraction
(representations from one of the last fully connected (FC) layers).

In this study, in order to quickly iterate across various heavy augmentation combi-
nations under limited computational resources, we used a lightweight ResNet18
architecture and then pretrained several backbones with the combination of SGD
versus standard image augmentation techniques (crop, grayscaling, jittering etc.)
using the following SSL algorithms: SimSiam [199], BYOL [196], SimCLR [195],
MoCo [198], SwAV [200] and Barlow Twins [201]. Then we tested the effectiveness
of these backbones in downstream image clustering, image segmentation, object
detection and classification problems.

Image Clustering Using SSL Backbones Using the 80% of the entire NORCE-
PV dataset with no label, we trained SvAW, SimSiam and SimCLR models for 100
epochs with the combinations of default SSL augmentations and SGD (with offline
augmentation through hashing as well as Pix2Pix versions), used their backbone
networks to extract the image representations (vectors) of 20% of the dataset,
and then used KMeans and t-SNE methods to cluster and visualize the clusters.
The outcome is presented in Figure 5.20. Evidently, SGD, when pretrained on
unlabelled images, enables better image representations (vectors, embeddings) in
all of the tested cases. The more distant the clusters, the better the representations
generated by the SSL backbone network. In fact, observing this clear delineation
between the clusters on a 2D space had originally given us an idea of applying SGD
as an augmentation on larger scales with other combinations on a downstream
image segmentation task.

Image Segmentation and Object Detection Using SSL Backbones As a
downstream image segmentation architecture, we used Detectron2 [236] framework
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on MultiRes-PV dataset to detect and segment solar panels from rooftop aerial
images. In order to pretrain the SSL algorithms, the following augmentation policies
are applied (p within the parenthesis corresponds to the probability of applying the
respective technique, and sample augmentations are shown in Figure 5.21). The
clear difference between random augmentation versus SGD augmentation can also
be seen in Figure 5.22).

• Default SSL augmentations (Random Resized Crop, Random Rotate, Random
Horizontal Flip, Random Vertical Flip, Random Color Jittering, Random
Grayscale, Gaussian Blur at various probabilities, p)

• SGD (p = 1.0),
• SGD (p = 1.0) with default SSL augmentations
• SGD (p = 0.5) with default SSL augmentations
• SGD (p = 1.0) with jittering (p = 1.0)
• SGD (p = 0.5) with jittering (p = 1.0)
• SGD (p = 0.8) with jittering (p = 0.8)

The batch size is known to be one of the most important parameters in SSL and
the larger the batch size, the better the representations as most of SSL algorithms
greatly benefit from large batches (in order to have larger number of negatives
available in mini batches) but we could not investigate performance for more than
128 images in a batch due to limited computational resources and the high number
of experiments that we need to run (more than 500 runs, each takes at least a
few hours). In order to test the impact of image resizing and batch sizing on
SGD in image segmentation tasks, we picked three parameter combinations with
five SSL methods (SimSiam, SimCLR, BYOL, MoCo, Barlow Twins): (i) Offline
SGD applied on the original size (100p) with batch size 16 (bs16), (ii) Offline SGD
applied on the original size (100p) with batch size 128, (iii) Offline SGD applied on
the upscaled size (200p) with batch size 16.

Upscaling (x2) is tested to see the impact of detailed SGD segmentations, and it is
found that the performance reaches its peak when SGD is applied on the original
image-size with a batch size of 128. We also tested with doubling the resolution of
each image and then applying SGD but the impact of SGD on SSL performance
was not as good as in the original image-size. This can be explained by the fact
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that the color variation in SGD with low resolution (original size) images is more
or less similar to what we can expect to see in a solar panel segmentation. Once
we increase the resolution by up-scaling, the details on a solar panel become more
evident and the SGD may assign different colors for such areas, which we do not
want to see for a simple panel segmentation task (e.g., every object is represented
by a single color in image segmentation).

Then, using 500 images as a training set (out of 645 images from MultiRes-PV
dataset), we pretrained all of the five SSL methods in a training loop with image
segmentation and object detection tasks and measured the test accuracy on the test
set (145 images). We observed that performances of SSL methods vary given the
augmentation policy, as shown in Figure 5.23. For instance, while MoCo performs
better compared to other SSL methods, with default SSL augmentations yet no
SGD, SimSiam and BYOL perform better compared to other SSL methods with
SGD plus default SSL augmentations as well as with only default augmentations.
In another case, SimCLR performs the best when SGD is applied at p = 0.5 along
with default augmentations. This result tells us that each SSL method performs
differently, as a function of the augmentation policy, while the impact of SGD also
varies under different settings.

Then, we experimented with the same SSL methods, having additionally no-SSL
(with default ImageNet checkpoints) at various levels of labeled images (subsets
from 10% to 100%) and measured the test accuracy on the same 145 images. For
instance, we picked at first 50 labeled images from the training set, then using a
pretrained SSL backbone from the previous step, we trained an image segmentation
and object detection model with Detectron2, and tested the models on the test set.
Then we did the same for 20%, 30% and so on. The AP metrics for the selected
SSL methods for selected augmentation are shown in Figure 5.24. As seen from this
figure, in every level of the reduced training set, an augmentation policy with an
SGD component usually performs better than an SSL with default augmentations
as well as a vanilla (no-SSL) model training. In some cases, using only SGD
augmentation would even suffice without further application of augmentation.

Image Classification Using SSL Backbones As a downstream image classifi-
cation model, using CIFAR10 and STL10 datasets, we used Logistic Regression
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to classify the image representations taken from the penultimate layers of Sim-
CLR backbones that are pretrained on CIFAR10 training set (5000 unlabelled
images) with the augmentation policies mentioned before (with hashing applied to
SGD augmentations). During these experiments, various levels of labeled images
from CIFAR10 (from 10% to 100%) are picked at each iteration and only one
SSL method (SimCLR) is picked for the sake of brevity. The results from this
experiment can be seen in Figure 5.25). Even though there is a slim performance
gain (around 5% improvement) with SGD plus default augmentations applied, the
default pretrained ImageNet backbone still performs better without SSL. This
can be explained by the smaller number of utilized epochs (100) while pretraining
with SimCLR and the large number of labelled images being used in the ImageNet
pretraining. Considering that SimCLR is pretrained only by 5000 unlabelled images
from CIFAR10 while the default ResNet18 model is pretrained with the entire
ImageNet dataset with ground truth labels, getting similar metrics with SimCLR
is still worth mentioning herein.

We run a similar experiment on the STL10 dataset (using 100 thousand unlabeled
images), but SGD did not contribute in that case and performed worse. Since
STL is already a subset of the ImageNet dataset, the default pretrained ImageNet
backbone did quite well and exceed all the metrics achieved with SSL methods.
The results are shown in Figure 5.26. Given the fact that the images in the STL10
dataset have higher resolution (96x96) than the images in CIFAR10 (32x32), getting
worse performance with SSL using SGD can be explained by the same phenomenon
we observed in SGD of upscaled images doing worse compared to original size
images.

5.3.5 Discussion

Our experiments with clustering the image representations via SGD-augmented
backbone networks indicate that SGD enables obtaining better image represen-
tations in all of the cases that we tested. Even if we may not know the number
of clusters within a dataset, the clear delineation between the clusters indicates
a better representation to separate one image from another using visual clues.
Usually, the most salient details and objects play the role of separators between one
image from another, but using classical image augmentation policies (e.g., cropping,
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jittering, etc.) totally fails on this end. At the same time, SGD-based salient object
segmentation does a better job on catching those critical details, thus assisting
more in downstream clustering tasks.

We argue that using a salient image segmentation in SSL generates better repre-
sentations when the downstream task is image segmentation or object detection
due to the fact that salient object detection and segmentation approaches segment
only the salient foreground object from the background, rather than partition an
image into regions of coherent properties as in general segmentation algorithms.
Our experiments with various augmentation combinations with and without SGD
show that the augmentation policy having an SGD component usually performs
better than an SSL with default augmentations as well as a vanilla (no SSL) model
training. In some cases, using only SGD augmentation would even suffice, with no
further application of augmentation.

Another important observation is that each SSL method performs differently as a
function of the underlying augmentation policy, whereas the impact of SGD also
varies under different settings. For instance, while MoCo performs better compared
to other SSL methods, with default SSL augmentations yet no SGD, SimSiam and
BYOL perform better compared to other SSL methods with SGD plus default SSL
augmentations as well as with only default augmentations, as was elaborated in
the previous section. Notably, this in fact the common question in the age of DL in
which there are a myriad of alternatives: How to know which algorithm does better
on a certain use case and how to pick the right one? Not only the SSL method but
also the augmentation technique, downstream task and even the resolution of your
images matter.

One of the most unexpected observation of our tests can be regarded as having
worse results with SGD applied on high resolution images. We have observed this
effect on various occasions during our experiments as reported in the previous
section. This can be explained by the fact that the color variation in SGD with low
resolution (original size) images is lower and more similar to what we can expect
to see in a coarse grained segmentation tasks. Once we increase the resolution by
up-scaling, the details on an image becomes more evident and SGD may assign
different colors for such areas, which we do not want to see for a simple image
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segmentation task (e.g., every object is represented by a single color in image
segmentation). However, SSL performing well on low resolution images can also be
attributed to the low number of epochs (i.e., 100) as the model is not able to catch
the low level details in high resolution images in such a limited number of epochs.

Nevertheless, a recent SSL study also supports our claim and sheds some light
on this issue as follows: [237] claims that current self-supervised methods learn
representations that can easily disambiguate coarse-grained visual concepts like
those in ImageNet. However, as the granularity of the concepts becomes finer,
self-supervised performance lags further behind supervised baselines.

5.3.6 Conclusions

By empirically addressing the posed research questions, our investigation confirmed
the capacity of SGD to play a role in modern SSL. Overall, this study successfully
leveraged SGD, a 10-years-old salient object detection and segmentation algorithm,
as a potent image augmentation technique for downstream image segmentation
tasks. To achieve an effective integration of SGD into SSL pretraining routines,
we devised a simple manipulation called offline augmentation with hashing. This
fine implementation detail enabled us to run hundreds of SSL experiments with
various parameters and configurations. We then demonstrated that using a salient
image segmentation in SSL generates better representations when the downstream
task is image segmentation. Our experiments with clustering the image represen-
tations via SGD-augmented backbone networks indicate that SGD helps better
image representations in all of the cases tested. Our experiments with various
augmentation policies including SGD show that the augmentation policy having a
SGD component usually does better than a SSL with default augmentations; in
some cases, using only SGD augmentation alone would even be be better.

Our experiments with MultiRes-PV, CIFAR10 and STL10 also showed that SSL
with SGD-based augmentation policy performs well with low resolution images.
This still remains to be verified whether fine-grained features and/or the low
number of epochs played a role in this observation. We contend that salient object
segmentation algorithms produce coarse grained segmentation due to saliency, thus
perform well on segmenting coarse grained objects like PV solar panels and it may
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not hold true if our goal were to extract fine grained details in an image.

We observed that each SSL method performs differently given the augmentation
policy, whereas the impact of SGD also varies under different settings. In our
opinion, the most unexpected observation of our tests can be regarded as having
worse results with SGD applied to high resolution images compared to low resolution
ones. We conclude that the augmentation technique, type of a downstream task
and image resolution are the most important elements that have a high impact on
the success of a SSL method picked.
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Figure 5.14: Comparing the outcomes of unsupervised versus SGD-based segmentation
on PASCAL VOC 2012. Invariant Information Clustering (IIC) [226], Superpixels [227],
Continuity Loss [228]. Different segments are shown in different colors (the images in the
first 5 rows are taken from [228]). Notably, SGD was developed at least 8 years prior to
IIC and Superpixels, and can still perform comparatively better on some cases.
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Figure 5.15: Comparison of transformer-based zero-shot segmentation methods versus
SGD on NORCE PV dataset.

Figure 5.16: Segmentation produced by SGD from NORCE-PV images with various
sizes.
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Figure 5.17: Segmentation produced by SGD from a NORCE-PV image with original
resolution (dimension 4000x3000, resolution 72x72). The higher the resolution, the better
the segmentation at fine grained detailed.

Figure 5.18: Segmentation produced by SGD from low resolution MultiRes-PV images
with original versus 200% rescaled.
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Figure 5.19: The second column of this figure shows the SGD segmentation of the
original images and the images generated with Pix2Pix image translation model are shown
at the third column.

Figure 5.20: Clustering partial NORCE-PV dataset image representations produced
by (a) ResNet18 ImageNet weights (b) SimSiam random aug. (c) SimSiam random +
PixPix based SGD aug. (d) SimCLR random + SGD aug. (e) SimSiam random + SGD
aug. f) SimSiam with PixPix based SGD aug. (g) SwAV with SGD aug. (h) SimSiam
with SGD aug.
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Figure 5.21: This figure shows a batch of 40 NORCE-PV images. Every image in this
batch is segmented by SGD at first and then the other default random augmentations are
applied. Basically, this is what the model sees at each iteration.

Figure 5.22: Clustering partial NORCE-PV dataset image representations produced by
ResNet18 ImageNet weights finetuned with SimSiam using random augmentation versus
SGD augmentation that returns much better delineation between the clusters representing
different classes.
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Figure 5.23: Selecting the best combination of SGD and default augmentation strategies
for various SSL methods using original size images with batch size 128. The performance of
augmentation strategies varies by the SSL methods accompanied. SGD alone without any
other augmentation strategies produced the best result in BYOL and SimSiam compared
to other methods and augmentation policies.

Figure 5.24: Segmentation metrics for SGD with SimSiam and SimCLR experiments
with reduced number of images from the training set at various levels. x-axis denotes the
percentage of the samples with respect to entire training set (from 10% to 100%) and
y-axis denotes test set average precision (AP) of segmentation model trained with the
partial training set.
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Figure 5.25: Classification of images in CIFAR10 dataset using partial samples from
training set and SSL method with SGD applied. SGD plus default augmentations outper-
forms default SSL augmentations by 5% and a little worse than ImageNet checkpoints.

Figure 5.26: Classification of images in STL10 dataset using partial samples from
training set and SSL method with SGD applied. SGD did worse than default SSL
augmentations and the default pretrained ImageNet backbone outperforms all the metrics
achieved with SSL methods (due to the fact that STL is already a subset of ImageNet
dataset).
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Chapter 6

Conclusions

In conclusion, this thesis has delved into the topic of learning from small samples in
machine learning and provided a comprehensive overview of the various approaches
that have been proposed to effectively tackle this problem.

The third chapter presented an overview of the various techniques used in
overcoming small data problems, including data selection and preprocessing, in-
corporating prior knowledge, ensemble methods, transfer learning, regularization
techniques, and synthetic data generation, among others.

The approaches discussed in this chapter covered a wide range of methods, includ-
ing data selection and preprocessing, incorporation of domain, prior and context
knowledge, ensemble methods, transfer learning, parameter initialization, loss func-
tion reformulation, regularization techniques, data augmentation, synthetic data
generation, problem reduction, optimization techniques, using physics-informed
neural networks, unsupervised learning techniques, semi-supervised learning, self-
supervised learning, zero-shot, one-shot and few-shot learning, meta learning,
harnessing model uncertainty, active learning, self-learning, multi-task learning,
symbolic learning, hierarchical learning, knowledge distillation based learning, and
dealing with imbalanced data.
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The forth chapter focused on the impact of batch normalization in learning
from small samples, particularly in the context of imbalanced datasets. To simulate
such scenarios, we artificially generate skewness (99% vs. 1%) for certain plant
types out of the PlantVillage dataset as a basis for classification of scarce visual
cues through transfer learning. By randomly and unevenly picking healthy and
unhealthy samples from certain plant types to form a training set, we consider
a base experiment as fine-tuning ResNet34 and VGG19 architectures and then
testing the model performance on a balanced dataset of healthy and unhealthy
images. We empirically observe that the initial F1 test score jumps from 0.29 to
0.95 for the minority class upon adding a final Batch Normalization (BN) layer
just before the output layer in VGG19.

In order to find if there is a certain ratio in which the impact is maximized, we
experimented with various levels of imbalance ratios and conditions, and observed
that the impact of final BN on highly imbalanced settings is the most obvious when
the ratio of minority class to the majority is less than 10%; above that almost no
impact. As expected, the impact of the final BN layer is more obvious on minority
class than it is on majority class, albeit the level of impact with respect to the
imbalance ratio is almost same, and levels off around 10%.

We also experimented if the batch size would also be an important parameter for
the minority class test accuracy when the final BN is added and found out that
the highest score is gained when the batch size is around 64, whereas the accuracy
drops afterwards with larger batches. Additionally, we empirically demonstrated
that the final BN layer could still be eliminated in inference without compromising
the attained performance gain.

Our calibration experiments show that a network has much lower ECE, i.e. has
a more ideal confidence relative to its own accuracy. In effect, a final BN-layered
network is not ‘over-confident’ and as a result generalizes and performs better on
unseen datasets.

As a result, we empirically illustrated that adding a batch normalization layer before
the softmax output layer significantly reduced the training time and improved the
test error for minority classes, resulting in a more than three-fold performance
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boost in some configurations.

The fifth chapter explored the role of self-supervised learning as an augmentation
policy in learning from small samples. The study showed that using salient image
segmentation in self-supervised learning improved the representations learned,
especially in the context of the downstream task of image segmentation.

More specifically, this chapter investigated the impact of the Global Contrast
based Salient Region Detection (SGD) algorithm on self-supervised learning. I
demonstrated the potential of SGD as a powerful image augmentation technique
for image segmentation tasks in self-supervised learning. The implementation of
SGD into SSL pretraining routines was achieved through a simple manipulation
called offline augmentation with hashing. The experiments carried out showed that
using SGD as an augmentation policy in SSL generates better representations for
image segmentation tasks.

The results also indicated that SSL with SGD-based augmentation performed well
with low resolution images, but this needs further investigation. The results showed
that different SSL methods perform differently based on the augmentation policy
used and that the impact of SGD also varies in different settings. An unexpected
observation was the worse results obtained with SGD applied to high-resolution
images compared to low-resolution ones. The results of this study highlighted the
importance of the augmentation technique, type of downstream task, and image
resolution in determining the success of a SSL method. These findings can be used
to guide future studies on self-supervised learning and the application of SGD in
this field.

One promising avenue for further investigation in the area of self-supervised learning
pretraining would be the integration of offline augmentation with hashing, which
could yield valuable insights into the performance of unsupervised and zero-shot
segmentation algorithms, as well as salient object detection techniques. Additionally,
our results highlight the potential benefits of exploring other types of augmentation
policies in the pretraining process, and we encourage researchers to continue
exploring these and other approaches to improve the performance and versatility
of self-supervised learning models in a wide range of applications.
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In summary, this thesis highlights the importance of effectively learning from
small samples in machine learning and the various approaches that can be used
to tackle this problem. The results of this study demonstrate the potential of
batch normalization and self-supervised learning in improving the performance of
models trained on small datasets. These findings have important implications for
researchers and practitioners working in the field of machine learning, and open up
avenues for further exploration and innovation in the area of learning from small
samples.
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English Summary

Learning from small data sets in machine learning is a crucial challenge, especially
when dealing with data imbalances and anomaly detection. This thesis delves
into the challenges and methodologies of learning from small datasets in machine
learning, with a particular focus on addressing data imbalances and anomaly detec-
tion. It thoroughly explores various strategies for effective small dataset learning
in ML, examining both existing approaches and introducing novel techniques. The
research pivots around two key questions: firstly, it investigates current methods
employed for learning from small datasets in machine learning, and secondly, it
assesses the efficacy of batch normalization in enhancing model performance and
utilizing salient image segmentation as an augmentation policy in self-supervised
learning.

The thesis comprehensively reviews techniques for managing small datasets, in-
cluding data selection and preprocessing, ensemble methods, transfer learning,
regularization techniques, and synthetic data generation. A critical examination
of batch normalization reveals its significant role in improving training time and
testing errors for minority classes in highly imbalanced datasets. The study also
demonstrates that utilizing salient image segmentation as an augmentation policy
in self-supervised learning substantially improves representation learning. This
improvement is particularly evident in the context of downstream tasks such as
image segmentation, highlighting the effectiveness of this technique in enhancing
model performance.

In summary, this study contributes to the field of machine learning by exploring

197



English Summary

strategies for learning from small datasets. It offers a detailed analysis of batch
normalization, highlighting its potential in improving performance for minority
classes in imbalanced datasets. Additionally, the study introduces salient image
segmentation as an augmentation policy in self-supervised learning, showing its
effectiveness in tasks like image segmentation. These findings provide a solid
foundation for further research in small sample learning and present practical
insights for machine learning practitioners working with limited data.
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Kleine datasets vormen een uitdaging voor veel machine learning technieken, in het
bijzonder bij ongebalanceerde datasets en anomaliteiten detectie. Dit proefschrift
onderzoekt verschillende benaderingen voor het effectief leren van kleine datasets,
het aanpakken van uitdagingen. Daarnaast biedt het een uitgebreide analyse van
bestaande technieken in de literatuur. Het onderzoek richt zich specifiek op twee
hoofdvragen: 1) wat zijn de huidige methoden voor het leren van taken gebaseerd op
kleine datasets in machine learning, en 2) wat is de impact van batch normalisatie
en opvallende beeldsegmentatie als augmentatie techniek bij self-supervised learning
op de prestaties van het model.

Het proefschrift presenteert een gedetailleerd overzicht van technieken voor het
omgaan met kleine datasets, zoals data selectie, data voorverwerking, ensemble-
methoden, transfer learning, regularisatie technieken en synthetische data generatie.
Vervolgens wordt de impact van batch normalisatie onderzocht, waarbij wordt
aangetoond dat deze de trainingstijd en de kwaliteit van de voorspellingen voor
minder voorkomende klassen in sterk ongebalanceerde datasets aanzienlijk ver-
betert. Het onderzoek gaat verder in op de rol van self-supervised learning als
augmentatie techniek, waarbij wordt aangetoond dat het gebruik van opvallende
beeldsegmentatie de geleerde representaties verbetert, vooral in downstream taken
zoals beeldsegmentatie.

Samenvattend draagt deze studie bij aan het vakgebied van machine learning
door strategieën te verkennen voor het leren van kleine datasets. Het biedt een
gedetailleerde analyse van batch normalisatie, waarbij het potentieel wordt be-
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nadrukt om de prestaties voor minderheidsklassen in ongebalanceerde datasets
te verbeteren. Daarnaast introduceert de studie opvallende beeldsegmentatie als
augmentatiebeleid in zelfgestuurd leren, waarbij de effectiviteit ervan in taken zoals
beeldsegmentatie wordt aangetoond. Deze bevindingen bieden een solide basis voor
verder onderzoek in het leren van taken gebaseerd op kleine datasets en presenteren
praktische inzichten voor machine learning professionals die werken met beperkte
data.
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