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Summary

While modern deep learning techniques have significantly impacted fields such as natural lan-
guage processing and computer vision, their application to biology still needs to be expanded.
To bridge the gap between these fields, several deep learning approaches are proposed and tai-
lored to genomics, based on recent advances in machine learning research and the characteristics
of sequential genomic data. The main contributions of the dissertation aim at advancing sev-
eral aspects of deep learning for sequential genomic data: self-supervised learning, uncertainty
quantification, and automated model design or, more generally, optimization of architectures and
hyperparameters.

A challenge that this thesis aims to address is the effective use of unlabeled genomic data to
improve model performance. In this context, self-supervised approaches for sequential genomic
data are investigated. These methods improve performance especially when the amount of labeled
data is limited and the acquisition of large amounts of annotated data is not feasible due to
factors such as increased cost. A major contribution of the thesis, Self-GenomeNet, is a self-
supervised learning method tailored for genomic data, using reverse-complement sequences within
self-supervised learning.

Another aspect explored in this thesis is the design and optimization of deep learning architectures
and hyperparameters for genomics. While models such as ResNets or Visual Transformers are the
standard architectures in computer vision and various transformer models such as BERT or GPT
in natural language processing, there is still no consensus on a standard architecture in computa-
tional biology, a field with many different tasks and subfields. As a result, it can be difficult for
researchers to train successful machine learning models in genomics using out-of-the-box archi-
tectures and hyperparameters. To address this problem, the first part of the thesis investigates
automated model design methods. These methods optimize model architectures for the specific
dataset and task. An important contribution of this work is a model-based optimization approach
called GenomeNet-Architect, which simultaneously optimizes both the model architecture through
proposed hyperparameters and the optimization hyperparameters. In another contribution of this
thesis, various neural architecture search methods are optimized using our proposed search space
and benchmarked against expert-designed architectures. Both papers suggest that automated
architecture design methods find better models than those designed by experts.

Other contributions of this thesis deal with uncertainty quantification methods applied to genomic
data. Applications in health and biology are often safety-critical, so the reliability of deep learning
models should be investigated and improved. To this end, various uncertainty quantification
methods for predicting regulatory activity are investigated, and a novel deep learning method for
improving the calibration of predictions is studied in the context of sequential genomic data.

Finally, contributions are made to the development of user-friendly software that can handle
different formats of genomic data, including the integration of key parts of several of the methods
outlined in this thesis into this software.



Zusammenfassung

Obwohl moderne Deep-Learning-Techniken bereits einen großen Einfluss auf Bereiche wie die Ve-
rarbeitung natürlicher Sprache und maschinelle Bildverarbeitung haben, muss ihre Anwendung
in der Biologie erst noch entwickelt werden. Um die Lücke zwischen diesen beiden Bereichen
zu schließen, werden verschiedene Deep-Learning-Ansätze vorgeschlagen und auf die Genomik
zugeschnitten, die auf den jüngsten Fortschritten in der maschinellen Lernforschung und den
Eigenschaften sequenzieller Genomdaten basieren. Die Hauptbeiträge der Dissertation zielen da-
rauf ab, verschiedene Aspekte des Deep Learning für sequenzielle Genomdaten voranzutreiben:
selbstüberwachtes Lernen, Quantifizierung von Unsicherheiten und automatisiertes Modelldesign
oder, allgemeiner, Optimierung von Architekturen und Hyperparametern.
Eine Herausforderung, die in dieser Arbeit angegangen werden soll, ist die effektive Nutzung un-
markierter Genomdaten zur Verbesserung der Modellleistung. In diesem Zusammenhang werden
selbstüberwachende Ansätze für sequenzielle Genomdaten untersucht. Diese Methoden verbessern
die Leistung insbesondere dann, wenn die Menge an markierten Daten begrenzt ist und die
Beschaffung großer Mengen annotierter Daten aus Kostengründen nicht möglich ist. Ein wichtiger
Beitrag der Arbeit, Self-GenomeNet, ist eine selbstüberwachte Lernmethode, die auf genomische
Daten zugeschnitten ist und revers-komplementäre Sequenzen innerhalb des selbstüberwachten
Lernens verwendet.
Ein weiterer Aspekt, der in dieser Arbeit untersucht wird, ist der Entwurf und die Optimierung
von Deep-Learning-Architekturen und Hyperparametern für die Genomik. Während Modelle
wie ResNets oder Visual Transformers Standardarchitekturen in der Computer Vision und ver-
schiedene Transformatormodelle wie BERT oder GPT in der natürlichen Sprachverarbeitung sind,
gibt es noch keinen Konsens über eine Standardarchitektur in der Computerbiologie, einem Gebiet
mit vielen verschiedenen Aufgaben und Teilgebieten. Infolgedessen kann es für Forscher schwierig
sein, erfolgreiche maschinelle Lernmodelle in der Genomik mit Standardarchitekturen und Hyper-
parametern zu trainieren. Um dieses Problem zu lösen, werden im ersten Teil der Arbeit Methoden
zur automatischen Modellentwicklung untersucht. Diese Methoden optimieren Modellarchitek-
turen für den jeweiligen Datensatz und die jeweilige Aufgabenstellung. Ein wichtiger Beitrag dieser
Arbeit ist ein modellbasierter Optimierungsansatz namens GenomeNet-Architect, der sowohl die
Modellarchitektur durch vorgeschlagene Hyperparameter als auch die Optimierungshyperparame-
ter gleichzeitig optimiert. In einem weiteren Beitrag dieser Arbeit werden verschiedene Suchmeth-
oden für neuronale Architekturen, die den von uns vorgeschlagenen Suchraum nutzen, optimiert
und mit von Experten entworfenen Architekturen verglichen. Beide Arbeiten deuten darauf hin,
dass automatische Architekturentwurfsmethoden bessere Modelle finden als von Experten entwor-
fene Modelle.
Weitere Beiträge dieser Arbeit befassen sich mit Methoden zur Quantifizierung von Unsicher-
heiten, die auf genomische Daten angewendet werden. Anwendungen im Bereich Gesundheit und
Biologie sind oft sicherheitskritisch, weshalb die Zuverlässigkeit von Deep-Learning-Modellen un-
tersucht und verbessert werden sollte. Zu diesem Zweck werden verschiedene Methoden zur Quan-
tifizierung von Unsicherheiten bei der Vorhersage regulatorischer Aktivitäten untersucht und eine
neue Deep-Learning-Methode zur Verbesserung der Kalibrierung von Vorhersagen im Kontext se-
quenzieller Genomdaten erforscht.
Schließlich wird ein Beitrag zur Entwicklung einer benutzerfreundlichen Software geleistet, die ver-
schiedene Formate genomischer Daten verarbeiten kann, einschließlich der Integration wichtiger
Teile mehrerer in dieser Arbeit vorgestellter Methoden in diese Software.
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I Žliobaitė (eds.), Machine Learning and Knowledge Discovery in Databases. Re-
search Track. ECML PKDD 2024, pp. 38–55. Springer Nature Switzerland, Cham.
doi:10.1007/978-3-031-70341-6 3
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1 Introduction

1.1 Introduction

As an introductory section, the motivation for the thesis is presented, along with the type of
data that the contributions of this thesis will deal with, namely nucleic acids, and the historical
developments that lead to the abundance of this type of data. Advances in sequencing technology,
particularly the reduction in the cost of the technology, have paved the way for more e�ective use
of deep learning algorithms, which can require large amounts of data to learn from.

Nucleic acids are the primary carriers of genetic information in all living organisms, including
viruses. They regulate vital functions of organisms such as development, function, and reproduc-
tion. Two major classes of nucleic acids are DNA (deoxyribonucleic acid) sequences and RNA
(ribonucleic acid) sequences. The building blocks of nucleic acids are called nucleotides. A nu-
cleotide contains a �ve-carbon sugar, a phosphate group, and a nitrogen-containing nucleobase.
The sugar present is deoxyribose in DNA and ribose in RNA, which is also part of the names of
these nucleic acids. There are four types of nucleobases in DNA and RNA. The four nucleobases
in DNA are adenine (A), cytosine (C), guanine (G), and thymine (T). In RNA, there is uracil
(U) instead of thymine. By providing diversity, nucleobases (bases) are the source of information
in nucleic acids. Since nucleobases are the main source of information in nucleic acids, DNA or
RNA sequencing refers to determining the order of these bases, which can then be stored and
processed.

Watson and Crick (1953) proposed the double helix structure of DNA. Holleyet al. (1965) de-
termined the �rst whole nucleic acid, which was alanine transfer RNA and was only 77 nu-
cleotides long. The �rst breakthrough in DNA sequencing was proposed by Sangeret al. (1977b).
The method, also known as Sanger sequencing, was used to sequence the �rst DNA, a bacte-
riophage with 5,386 base pairs (Sangeret al., 1977a). Sanger sequencing was the �rst widely
used sequencing technique and has been the most widely used sequencing technique for sev-
eral decades. Heather and Chain (2016) describe the proposal of the method as the birth of
f irst � generationsequencing. A major milestone in DNA sequencing was the Human Genome
Project between 1990 and 2003, a large and well-organized project aimed at sequencing the en-
tire human genome. By the end of the project, 92% of the human genome had been sequenced.
Another DNA sequencing technique, called pyrosequencing, was proposed by Ronaghiet al.
(1996) and formed the basis of the �rst so-called Next Generation Sequencing (NGS). NGS is
a high-throughput, high-speed sequencing technique that allows hundreds of millions of DNA or
RNA fragments to be sequenced simultaneously. In addition to being much faster, sequencing
technology has also become much more a�ordable over the past few decades.

Large amounts of genomic data needed by machine learning algorithms are already available thanks
to NGS. Machine learning methods have also advanced signi�cantly in many di�erent �elds such
as computer vision and natural language processing, as discussed in more detail in chapter 2.
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1.2 Outline

Despite these advances in machine learning (ML) and the large amount of genomic data from
which ML algorithms can learn, the application of ML to genomic data has been relatively slow.
This thesis aims to bridge the gap between these �elds by contributing to several areas of machine
learning applied to genomics data, such as self-supervised learning, automated model design, and
uncertainty quanti�cation. These areas of machine learning are particularly relevant to genomics.
First, self-supervised learning aims to reduce the need for human-annotated labels, which can be
expensive and error-prone in genomics. Second, automated model design and neural architecture
discovery aim to �nd successful models in an automated way for a given dataset and task, which
is a need in genomics since the models designed for genomics have not yet been successful enough
to become standard models for many di�erent tasks in the �eld. Third, uncertainty quanti�cation
and calibration are important in genomics because many applications in this �eld can be safety-
critical, and in such cases, uncertain model decisions must be avoided and human experts should
make decisions. Finally, contributions to software for genomics are made so that bioinformaticians
and researchers can easily use machine learning models and several contributions in this thesis.

1.2 Outline

This thesis is divided into two parts. The �rst part introduces the basics of deep learning, the basics
of several research areas of deep learning relevant to this thesis, and some concluding remarks.
The basics of deep learning are presented by approaching the �eld from three perspectives: data,
model, and evaluation. The data perspective looks for answers on how to use existing data so that
models can make accurate predictions. The model perspective answers how a machine can �nd a
function f that infers information from input data. Finally, the evaluation perspective addresses
how to determine the performance of these functions (models).

The machine learning research areas relevant to this thesis, self-supervised learning, automated
model design (including neural architecture search), and uncertainty quanti�cation, are introduced
in sections 2.2, 2.3, and 2.4, respectively. Section 2.5 brie
y introduces deep learning methods
in these areas applied to genomic data, along with machine learning-related software developed
for this data type. Chapter 3 provides a �nal discussion of the contributions of this thesis and
possible future research directions.

The second part of the thesis contains the articles and their appendices, if any. The chapters are
organized by research area so that the articles are as close as possible to each other. In particular,
contributions for genomics are included in these speci�c machine learning areas: self-supervised
learning (chapter 4), automated design of deep learning models (chapter 5), uncertainty and
calibration (chapter 6), and software development (chapter 7).
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2 Methodological Background

2.1 Introduction to Deep Learning

This section introduces the main concepts of deep learning from three perspectives: data, model,
and evaluation.

Data Perspective

Deep learning seeks data-driven answers to the questions it seeks to answer, but how can existing
data be used to make the models (more) accurate in their predictions? The answer to this question
may depend on several aspects, such as the amount of data available or the modality of the data.
However, a common way to answer this question is closely related to whether or not the data is
labeled. The data can be labeled, unlabeled, or partially labeled. Furthermore, methods focus on
how to label the unlabeled data automatically and without human annotation, from which the
trained models can learn further. All these cases have di�erent learning methods, and each case
will be studied in this part of the thesis.

i. Supervised learning: Supervised learning deals with situations where the data is labeled, i.e.
each data samplex i is paired with a label yi . The goal is to �nd a function f that can infer these
labels based on the inputs. For example, the data may consist of images of cats and dogs, and
the labels of each image as to whether it is a cat or a dog. Then the image of a samplei is x i ,
its annotation is yi , and the goal is to have a classi�erf that correctly classi�es yi from x i such
that yi = f (x i ). Such tasks, where an input sample is assigned to one of several options (classes),
are called classif ication tasks (LeCun et al., 1998). The annotation can also be a continuous
variable, such as the weight of cats and dogs, and if such annotations are to be predicted, the task
is called aregression task (Sykes, 1993).

ii. Unsupervised learning: Unsupervised learning deals with cases where there are no annotations.
Typical tasks for unsupervised learning are clustering, association, and dimensionality reduction.
The clustering algorithms aim to group the uncategorized data samples by �nding similarities (Xu
and Tian, 2015). The goal of association algorithms is to �nd relationships between di�erent
variables in the data set, such as whether two products are often purchased together (Agrawal
et al., 1993). Dimensionality reduction reduces the number of features (dimensions) that a data
input has, while preserving as much data integrity as possible (Ma�ckiewicz and Ratajczak, 1993;
Van der Maaten and Hinton, 2008). This can be used to visualize data with many inputs by
reducing the dimension size to a visualizable value, such as two dimensions, or it can be used to
reduce the irrelevant or random features in the data.

iii. Self-supervised learning: Self-supervised methods can be considered as a subset of unsuper-
vised models since they do not require human labeling, similar to (other) unsupervised learning

4



2.1 Introduction to Deep Learning

methods. Nevertheless, these methods propose ways to create labels from the unlabeled input
data itself (Devlin et al., 2018; Chenet al., 2020). The models are then trained using these labels,
similar to supervised learning methods. A simple example is next token prediction, where, for
example in NLP, the word that comes after a text can be predicted. In this example, the data may
not have any human annotations, e.g. no human had to read some or all of the existing texts in the
data and had to come up with labels based on the desired task. However, the labels are generated
from the originally unlabeled data. After self-supervised pre-training, models can transfer knowl-
edge learned from unlabeled data to superviseddownstream tasks. In this way, self-supervised
methods use unlabeled data to improve the performance of supervised learning tasks. A typical
use case for self-supervised learning is when a lot of unlabeled data is available. For example, the
vast availability of natural language data (text data), computer vision data (videos and images),
and audio data make it possible to use self-supervised methods to improve state-of-the-art deep
learning models and reduce the need for human annotation (Floridi and Chiriatti, 2020; Hena�,
2020; Liu et al., 2022).

iv. Semi-supervised learning: Similar to self-supervised learning, semi-supervised learning meth-
ods aim to reduce the amount of labeled data. However, semi-supervised learning involves learning
from both labeled and unlabeled data simultaneously to improve model performance (Berthelot
et al., 2019).

v. Reinforcement learning: Interactive learning in machine learning is called reinforcement learn-
ing. Reinforcement learning methods are based on the interaction between a controller and an
environment (Mnih, 2013). The controller decides what action to take in the next step. The
environment then feeds back the new state and the reward to the controller. Next, the controller
can decide the next action based on the state and reward coming from the environment. This
process is repeated until the learning process is stopped.

Model Perspective

How does a machine �nd a function f that can infer information from input data? For example,
how does a machine �nd a function that can successfully infer the labelyi from an input sample
x i in supervised learning? A short answer is that a model is optimized using the data. To
understand what is being optimized, it is necessary to introduce the building blocks of deep
learning: layers. Next, architectures formed by combining these building blocks in di�erent orders
will be discussed. Finally, the methods for optimizing the weights and hyperparameters of these
architectures/models are discussed.

Model - From Layers to Architectures: The building blocks of a deep learning model are called
layers. A layer is a node that takes information from previous layers, modi�es it, and passes it
on to the next layer. Terminologically, the layer that takes x i is called the input layer, the layer
that predicts yi is called the output layer, and the remaining layers between these two layers are
called hidden layers. How these layers modify the received information is determined by the type
of the layer. For example, afully connected layer (also called alinear or dense layer) performs
the following operation:

y = � (Wx + b) (2.1)

5



2.1 Introduction to Deep Learning

where � is the activation function, which is a nonlinear function applied to the vector element-
wise, W is a matrix of weights connecting x to y, which are the input and output vectors (i.e.
representation vectors) respectively, andb is the bias vector. It can be shown that without an
activation function to introduce non-linearity, N linear layers stacked on top of each other are
equivalent to a linear layer with di�erent weights. There are several commonly used activation
functions (Maas et al., 2013; Bridle, 1990; Han and Moraga, 1995; Heet al., 2015). A simple and
common activation function is Recti�ed Linear Unit (ReLU) (Nair and Hinton, 2010):

ReLU (x) =

(
x; if x � 0;
0; if x < 0:

(2.2)

Another common layer type is convolutional layers. Convolutional layers are often used in com-
puter vision tasks, among others. Convolutional layers consist of �lters (also called kernels) that
iterate over di�erent regions of the input data. For example, for a �lter of size 3 � 3 and an image
of size 32� 32, di�erent regions of size 3� 3 are multiplied by the �lter element-wise, and then
the output of this multiplication is summed and fed into an activation layer to produce the out-
put. Some advantages of convolutional networks are local sparse connections, parameter sharing,
and translation equivariance. These allow convolutional networks to search for complex features
locally rather than globally, to reduce memory requirements, to learn e�ciently, and to detect
features regardless of their position in the image.

Recurrent layers are another popular layer type to process sequential data. These layers process
data sequentially, feeding the input to the layer bit by bit, from one end of the sequence to the
other. A simple (also calledvanilla ) recurrent layer computes a hidden vector that embeds the
information of the previously processed portion of the input data. This vector and the next part of
the input are used to compute the hidden vector that will be used in the next step and, if desired,
an output vector. Since the hidden vector received from the previous step is needed to perform
the computations, the process must be sequential, and the computations are thus usually slow
because they cannot be parallelized. They are also prone to the vanishing gradient problem, which
makes learning long-range e�ects di�cult. More popular recurrent layers than the vanilla version,
such as LSTM (Hochreiter, 1997) and GRU (Cho, 2014), address this problem by introducing
additional gates.

Attention layers determine the importance of each component/position relative to the others.
They gained popularity while mostly being used as an additional component to recurrent layers
like LSTM (Parikh et al., 2016). Vaswani et al. proposed the �rst transformer model in their
in
uential paper entitled \Attention is all you need" (Vaswani, 2017). As its name partly suggests,
the introduced transformer model consisted ofself � attention layers and did not use any recurrent
layers, yet the model outperformed the state-of-the-art techniques.

Deep learning architectures are built by stacking layers on top of each other, which means that
the output of one layer is often fed into another (subsequent) layer as input. Similarly, the
output of that layer is fed into another layer as an output. For example, an early convolutional
network LeNet consists of two blocks of a convolutional and a pooling layer, followed by three fully
connected layers (LeCunet al., 1998). AlexNet contained �ve convolutional layers followed by
three fully connected layers (Krizhevskyet al., 2012). ResNet proposed residual blocks to train a
substantially larger number of layers end-to-end and successfully trained a state-of-the-art model
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2.1 Introduction to Deep Learning

with 152 layers (He et al., 2016). Besides stacking fully connected layers on top of convolutional
layers, it is also possible to have other successful architectures with other combinations, such as
using recurrent layers between convolutional and fully connected layers (G•und•uzet al., 2024).

Optimization of the Models: The weights of deep learning models are optimized for speci�c
datasets and tasks. Here the methodology for optimizing hyperparameters and weights is dis-
cussed.

i. Weights Optimization : In machine learning, the model performance is estimated and optimized
by minimizing the empirical risk Remp computed by averaging the loss function over the training
set. Thus, in a standard supervised learning setting, a machine learning modelf with learnable
weights � aims to minimize a de�ned loss functionL over the training data consisting of input-label
pairs (x i ; yi ) indexed by i :

Remp =
1
n

nX

i =1

L(y(i ) ; f (x(i ) j� )) : (2.3)

The loss function is typically de�ned to be minimized as f (x(i ) j� ) approximates y(i ) on average
over the training data. For more information on di�erent loss functions, see the subsection 2.1:
\Evaluation Perspective".

A simple method for determining � that minimizes empirical risk is called gradient descent. Gra-
dient descent updates the weights towards the direction that the risk is minimized at maximum
for an in�nitesimal step. This direction is calculated by computing the negative of the empirical
risk's gradient. The direction is multiplied by a scalar value called the learning rate (� ), which
adjusts the size of the taken step. While this iteration is repeated several times, typically until
the empirical risk converges, an iteration at time t is mathematically given as follows

� t+1 = � t � � r Remp(� ) (2.4)

Since computing the gradient over the entire training set is computationally expensive, it is typ-
ical to use small stochastic subsets instead of the entire set. This method is called stochastic
gradient descent. Stochastic gradient descent can be further accelerated by using a method called
momentum, which accumulates the moving average of the computed gradient descents. (Polyak,
1964; Sutskeveret al., 2013; Goodfellow, 2016).

ii. Hyperparameter Optimization: Hyperparameters are typically set before weight optimization
to de�ne the underlying model and training procedure. A model consists of hyperparameters that
a�ect the overall layout of the architecture, such as the number of layers or the number of neurons
in a layer. In addition, some hyperparameters are related to the optimization procedure, such as
the learning rate. Hyperparameter optimization is typically done by selecting some hyperparame-
ters and training the weights of the model given those hyperparameters. This process is repeated
as long as the computational budget allows. The simplest hyperparameter optimization method is
probably random search. Here, the user de�nes a search space, which is a list of hyperparameters
to optimize and the range of values these hyperparameters can take. Then, models are trained
with randomly and independently sampled sets of hyperparameters until a prede�ned computa-
tional budget is reached. The selected set of hyperparameters are those that belong to the model
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2.1 Introduction to Deep Learning

with the highest performance. A more detailed discussion of hyperparameter optimization can be
found in the section 2.3: \Automated Model Design".

Evaluation Perspective

Given that one or more models are optimized on a dataset, how do you determine the performance
of these models and which one to use for a particular use case scenario? Evaluation metrics provide
insight into model performance and make it easier to compare di�erent models.

Some evaluation metrics are di�erentiable and can be used to train model weights using modern
optimization methods based on gradient descent. Such metrics include mean square error (MSE)
and mean absolute error (MAE) for regression tasks, and negative log-likelihood (NLL) loss for
classi�cation tasks.

MSE =
1
N

NX

i =1

(yi � ŷi )2 (2.5)

MAE =
1
N

NX

i =1

jyi � ŷi j (2.6)

NLL = �
1
N

NX

i =1

CX

j =1

yij log(ŷij ) (2.7)

where ŷi = f (x i ) is the prediction, yi is the ground truth (label) value or vector, and j in ŷij and
yij indicates the indice value of the vector and corresponds to the predicted probability or ground
truth probability that data point i belongs to a particular class indexed byj . However, it should
be noted that the training (weight optimization) of the model is done on the training set, and a
more realistic performance indicator of the model on unseen data is to evaluate a metric on the
test data, as the model may over�t the training set.

Some evaluation metrics are not di�erentiable and cannot be used for the optimization. Nev-
ertheless, they o�er valuable insight into the performance of the model. A popular and simple
metric is accuracy for classi�cation tasks, evaluated by the number of correct classi�cations di-
vided by the number of all classi�cations. For binary classi�cation tasks, labels are typically
called positive and negative labels, where the positive label often refers to an anomaly such as
an illness or fraudulent action. With two possible ground truth labels and two possible predicted
labels (positive or negative), the four possible combinations of ground truth and prediction pair
are called true positive (TP), true negative (TN), false positive (FP), and false negative (FN).
Here, the �rst word designates if the ground truth and the predicted label match, and the sec-
ond word refers to the predicted label. Therefore, the accuracy for the binary classi�cation can
be given as (TP+TN)/(TP+TN+FP+FN). Sensitivity and recall are given as TP/(TP+FN).
Speci�city is given as TN/(TN+FP) and precision is de�ned as TP/(TP+FP). Precision-recall
and sensitivity-speci�city are typically used as pairs and deliver more information than accuracy,
especially when the data is imbalanced.F1 score is computed by the harmonic mean of precision
and recall. However, all these metrics require a classi�cation to either the positive or the negative
class, and therefore threshold selection is needed to divide data samples into two groups based on

8



2.2 Self-Supervised Learning

the numeric outcome of the machine learning model. The area under the receiver characteristic
(ROC) curve (AUC) is obtained by plotting sensitivity against 1� specif icity for all threshold
values and evaluating the area under the plotted curve (Rainioet al., 2024). Thus, this metric is
threshold-independent, i.e. a speci�c threshold is not needed to be chosen to evaluate this metric.
The precision-recall AUC is also similarly threshold-independent.

For multi-class classi�cation, TP, TN, FP, and FN can be derived to form a confusion matrix
similar to the binary classi�cation tasks uniquely for each class (Rainioet al., 2024). To compute
macro-averagedmetrics, metrics can be evaluated for each class and then the evaluated results
for each class are averaged. For example, macro-averaged recall can be computed by averaging
the recall values for each class. Thus, the macro-averaged recall can also be interpreted as class-
balanced accuracy, since the recall value for a class is computed by dividing the true classi�cations
(TP) by the number of samples (TP+FN) from that class, being equivalent to the accuracy for
that class, and then the values computed for each class are averaged.Micro-averagedmetrics can
be evaluated by summing up the number of observations over each class when the elements of the
confusion matrix are formed.

For regression tasks, Pearson's correlation coe�cient (r ) can be used as an evaluation metric that
measures the correlation between the ground truth and the predicted values.

In addition, the uncertainty of the predictions can also be quanti�ed by various techniques, which
can be an important component of the performance, especially for safety-critical areas. Recently
introduced NLL, ECE (Naeini et al., 2015) to be introduced in a following subchapter, static
calibration error (SCE) (Nixon et al., 2019), Brier score (Brier, 1950), and threshold adaptive
calibration error (TACE) (Nixon et al., 2019) are some metrics to give insights regarding the
uncertainty of models.

2.2 Self-Supervised Learning

Motivation

Annotating data and thus creating manually labeled datasets relying on human labeling is often
expensive and bound to errors. This is especially the case for genomics or similar data types such
as health data, as labeling for such tasks depends heavily on human expertise or spending on lab-
oratory equipment thus making it even more expensive than average labeling cases. Additionally,
it is often in these �elds that an annotation by humans is wrong, and thus harmful for the machine
learning models that are trained on this data. Therefore, self-supervised learning methods are
proposed to increase the overall performance of deep learning models and to reduce the costs by
making use of unlabeled data and thus reducing the need for larger amounts of clean and correct
data annotated by humans.

General Structure

Unlike supervised methods, self-supervised learning techniques use unlabeled data to learn mean-
ingful representations that contain information about the properties of the data. A typical use
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2.2 Self-Supervised Learning

case for self-supervised learning consists of two parts (Oordet al., 2018; Hena�, 2020; Chenet al.,
2020; Devlin et al., 2018):

i. Self-supervised training: A model is trained on unlabeled data, which is often very large. In
self-supervised learning methods, labels are automatically generated from unlabeled data based
on de�ned tasks. These tasks are called pretext tasks. Then, similar to supervised training, the
model is trained using these generated ground truth labels from the pretext task.

ii. Evaluation on downstream tasks: A machine learning model consisting of one or more layers
is initialized on top of the pre-trained model, i.e., the pre-trained model typically feeds its output
to this model. This model, possibly together with the pre-trained model, is then �ne-tuned in a
typical supervised fashion on labeled data, which is often a much smaller dataset, to perform the
intended task of the model. This �ne-tuned model typically performs much better than the case
where the model is not pre-trained or equally where the model weights are randomly initialized.

In the following subsections, di�erent methods for self-supervised training and the evaluation
protocols for training on downstream tasks will be discussed.

Types of Self-Supervised Learning

Self-supervised learning methods can be roughly divided into two categories, which will be dis-
cussed in this subsection.

Generative Self-Supervised Learning: While modern self-supervised learning methods can use
more complex structures to achieve superior performance, the basic idea of generative self-
supervised training is to predict some tokens of text based on other tokens. For NLP tasks,
these tokens are typically words. In this way, labels that can be used for supervised training are
automatically generated from the \self" of the unlabeled data, and no further human annotation
is required.

A generative self-supervised learning method is the auto-regressive model, which is trained by
iteratively predicting the upcoming data based on the previous data. For example, the next word
can be predicted based on the previous words, and the following word can also be predicted based
on the predicted word in addition to the previous words (Floridi and Chiriatti, 2020; Achiam
et al., 2023). Similarly, based on some pixels of the images, the rest of the image can be generated
pixel by pixel (Van den Oord et al., 2016; Van Den Oordet al., 2016) or given the initial part
of an audio sample, the rest can be generated (Van Den Oordet al., 2016). Trained in this way,
these models are generative models by their nature, but they can also be used for other tasks if
they are tuned for those tasks.

Another generative self-supervised learning method is the auto-encoding model, where a complete
input is fed into the model in a distorted way and the model tries to predict the original input. For
example, the popular BERT (Devlin et al., 2018) method randomly modi�es some of the existing
tokens to be a special mask token and tries to predict the original tokens while training the model
using the cross-entropy loss, which is a typical loss used for supervised classi�cation tasks.
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Contrastive Self-Supervised Learning: While e�ective for NLP tasks, non-contrastive ap-
proaches have not been as successful in several deep learning application areas, such as computer
vision or audio processing. For example, models trained by predicting missing pixels for image
data, or similarly by predicting missing samples for audio, performed suboptimally and were
later outperformed by contrastive learning in many domains and cases (Oordet al., 2018). A
contrastive self-supervised learning method typically minimizes the distance between the learned
representations of two distorted copies of input data, while maximizing the distance between the
representations of di�erent input samples. For example, given two distorted copies of an image of
a cat and many other images, such as an image of a mouse, the model learns that the copies of
the cat image have more in common, such as similar tails or paws, than a cat and a mouse, by
learning to embed the features of the images into the representations. In practice, these distorted
copies are extensions of the original image.

A contrastive self-supervised method uses a contrastive loss to minimize the distance between
the matched representations. An example is the Contrastive Predictive Coding (CPC) method
introduced by Oord et al. (2018), which used contrastive loss to train self-supervised deep learning
models and demonstrated the e�ciency of contrastive loss on audio, images, natural language data,
and reinforcement learning tasks.

In general, the anchor, positive, and negative samplesxa, x+ , and x � are encoded by an encoder
network f e to compute their representations za = f e(xa), z+ = f e(x+ ), and z� = f e(x � ) in a
contrastive loss given by

L contrastive = � E

"

log
f s(za; z+ )

f s(za; z+ ) +
P N

j =1 f s(za; z�
j )

#

(2.8)

where f s is a similarity function. It is also possible to split a data sample into multiple patches,
which is particularly useful when the data type is, for example, audio, text, or sequential genomics
data (Oord et al., 2018; G•und•uz et al., 2023). The representations of these patches can be
computed similarly by feeding them into f e. The anchor sample can consist of multiple patches,
and the representation of the anchor samples can be computed by feeding in the representations
of the patches that make up the anchor sample. Similarly, the positive and negative samples can
be a group of patches, but it is more common for these samples to be de�ned as a single patch.
The similarity function can also be represented by a neural network or a linear layer.

Evaluation Protocols for Training on Down-stream Tasks

After self-supervised pre-training, the learned representation of this self-supervised model is
trained or tested on supervised, usually smaller, datasets. Thus, training on downstream tasks is
a supervised training scheme, where the main di�erence from typical supervised training is the use
of pre-trained weights as initial weights instead of random initialization. A self-supervised learn-
ing model typically achieves much higher performance on small labeled datasets. These labeled
datasets are often calleddownstreamtasks or downstreamdatasets and can either be collected
or imitated.

i. Transfer learning: The self-supervised model is trained on labeled datasets, which are usually
of small size. These datasets are assumed to have a di�erent data distribution than the dataset
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used for the self-supervised training of the model. For example, Chenet al. (2020) uses 12 popular
computer vision datasets for transfer learning.

ii. Semi-supervised learning / Data-scarce evaluation: In this setting, a limited portion of the
dataset used during the self-supervised pre-training is used as the downstream dataset. For
example, 1% and 10% of the dataset used for self-supervision is used as the downstream datasets,
along with the labels (Chen et al., 2020; G•und•uz et al., 2023). By providing a considerably
large dataset, with only a limited portion of that dataset available with labels, data scarcity is
mimicked.

iii. Linear evaluation / linear classi�cation: While other evaluation protocols do not impose any
constraint on the model added on top of the self-supervised model, in linear classi�cation protocol,
the model added on top of the self-supervised model is a linear classi�er. In addition, the model
trained in the self-supervised pre-training is not updated during the downstream training (Chen
et al., 2020; Bardeset al., 2021; Goyalet al., 2021; G•und•uz et al., 2023). This implies that the
representations evaluated for a data sample remain unchanged after training on the downstream
task. With these measures, this protocol ensures that the e�ect of training on the downstream
task on the representations is zero, and the superiority of the learned representations is tested in
a di�cult setting limited to a linear layer on top of the representations, which implies testing the
superiority of self-supervised methods.

2.3 Automated Model Design

Automated machine learning (AutoML) describes the automation of the machine learning pipeline.
A standard AutoML work
ow includes steps such as data preprocessing, feature extraction, model
generation, and model evaluation (Heet al., 2021). Neural architecture search (NAS), the focus
of this thesis, is a subset of AutoML that aims at the automation of neural network design.
Therefore, NAS is particularly concerned with the model generation and evaluation phases of
AutoML. The �rst of these, the automated generation of machine learning models, contains two
essential parts: search space and optimization methods. The search space refers to the possible
architectures to be searched and optimized. The optimization methods or search strategy can be
divided into hyperparameter optimization, including learning rate optimization, and architecture
optimization, including optimization of parameters such as �lter size of convolutional layers. In
line with these points, Elsken et al. (2019) divides a typical NAS framework into three stages:
search space, search strategy, and performance evaluation strategy.

Search Space

The search space de�nes the potential models that a NAS algorithm, or more speci�cally the
algorithm's optimization methods, can discover. Designing a good search space is therefore a
challenging but crucial problem. A good search space should include a wide variety of model ar-
chitectures to reduce human bias (Heet al., 2021), while larger search spaces with fewer constraints
are usually more computationally expensive.

A simple search space can be a chain-structured neural network, where each hidden layer in the
architecture receives its input from only one (previous) layer and feeds its output to only one
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(following) layer. On the other hand, a more complex search space can be obtained by removing
the chain structure constraint and thus including additional possibilities such as multi-branching
or skip connections. Heet al. (2021) introduces both such search spaces under the umbrella term
fully structured search space. The search space has to be parameterized in order to be searchable.
These parameters can be, for example, the number of layers, the type of operations in the existing
layers, or the hyperparameters of the operations (Elskenet al., 2019; G•und•uz et al., 2024).

Deep architectures based on human expert designs often rely on repeating blocks (Szegedyet al.,
2016; Heet al., 2016; Huanget al., 2017). Inspired by this, Zoph et al. (2018) and Zhonget al.
(2018) proposed cell-based search spaces so that optimized cells can be stacked to form the �nal
architecture. For example, Zophet al. (2018) proposed optimizing two di�erent repeating cells as
part of the architecture: a normal cell that preserves the input dimensionality, and a reduction
cell to reduce the spatial dimension. The cell-based approaches reduce the size of the search
space, thus reducing the computational burden and speeding up the optimization. While cell-
based methods reduce the complexity of the search space by reducing the number of possible
architectures, they su�er from a gap between the models trained and evaluated during the search
phase and the models selected as the �nal architecture and evaluated during the evaluation phase.
For example, DARTS consists of eight cells in the search phase and 20 cells during the evaluation
phase (Liu et al., 2018b). While the preference for a larger architecture for the evaluation phase
is based on the fact that they tend to perform better than the smaller ones and the evaluation of
many architectures during the search phase is computationally expensive, there is a chance that
the found architecture could be suboptimal or the larger architecture could even perform worse
than the one discovered in the search phase. This has been addressed in Chenet al. (2021) by
gradually increasing the number of cells during the search phase.

Architecture Optimization

Architectures within the de�ned search space should be e�ciently evaluated to discover the near-
optimal architectures within the de�ned search space with many model possibilities. Therefore,
several optimization methods have been proposed. Some important architecture optimization
methods include evolutionary algorithms, reinforcement learning methods, di�erentiable models
optimized with gradient descent, and surrogate model-based optimization methods (Heet al.,
2021).

Evolutionary algorithms are designed to be similar to biological evolution. A part of the generated
models are selected based on their performance and they generate o�spring as pairs by forwarding
a fraction of their material (Real et al., 2017; Elskenet al., 2018; Realet al., 2019; Irwin-Harris
et al., 2019). Copied genetic material can be randomly modi�ed, similar to mutations in biological
processes and some underperforming models can be removed from generated networks. These steps
are repeated several times. Evolutionary algorithms are well-established methods with robust
performance, but they are usually computationally expensive (Heet al., 2021).

As explained earlier, reinforcement learning is interactive learning between a controller and an
environment. In the context of NAS algorithms, the controller of the reinforcement learning
algorithm can be an ML model such as an RNN that decides the next architecture to be evaluated,
while the environment of the reinforcement algorithm is the training and evaluation of this selected
model. The performance of this architecture is then fed back to the controller to decide the next
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architecture to be evaluated (Zoph and Le, 2016; Bakeret al., 2016; Phamet al., 2018; Zophet al.,
2018).

Gradient descent-based architecture search algorithms emerged when Liuet al. (2018b) de�ned
a di�erentiable search space by assigning weights to candidate operations and using a softmax
function on these weights. In particular, these assigned weights are also optimized to decide useful
operations to keep between nodes and useless ones to discard.

Surrogate Model-Based Optimization (SMBO) uses a surrogate model that attempts to predict
the most promising architecture based on previous evaluation results. The surrogate models used
can be based on Bayesian optimization, such as Gaussian processes. (Wistuba, 2017; Kandasamy
et al., 2018) or neural networks such as LSTM (Liuet al., 2018a) or multi-layer perceptron (Luo
et al., 2018).

Model Evaluation

Although it would be reliable to evaluate models on the full test set after training them to conver-
gence on the full training set, this is computationally expensive, especially considering the potential
number of architectures that can be evaluated. In practice, model evaluation can even take tens
of thousands of GPU days, representing a signi�cant amount of computational resources (Zoph
and Le, 2016). A GPU (graphics processing unit) is a powerful computational resource used to
train and run deep learning models. A GPU day refers to the computing capacity of a GPU used
for an entire day. Due to such high computational requirements, several works have been done to
reduce the evaluation time.

He et al. (2021) divides model evaluation methods into four groups: low �delity, weight sharing,
surrogate, and early stopping. Examples of low �delity cases include when a smaller subset of the
dataset is used for training (Klein et al., 2017), the resolution of the data is lowered (Chrabaszcz
et al., 2017), or when a similar but smaller model is used (Zophet al., 2018). Weight sharing
includes transferring the weights trained for other tasks (Wong et al., 2018) or other architec-
tures (Chen et al., 2015), or can be among child networks (Phamet al., 2018). Surrogate models
can be used to control the search method (Liuet al., 2018a). Similar to its use case to prevent
over�tting, early stopping refers to stopping training early, but in neural architecture search it is
used instead to discard unpromising models after a limited training time (Klein et al., 2022).

2.4 Uncertainty Quanti�cation

Uncertainty quanti�cation and calibrated models are critical, especially in safety-critical areas
such as automated healthcare. In such applications, model prediction performance at a desired
level may not be su�cient to use the model because the risk of wrong decisions may be too high.
In such cases, the use of the model may only be possible if the model can accurately detect high-
risk situations, such as when there is a high risk of a wrong model decision for a speci�c input
sample so that human expert intervention in the decision process is possible and thus signi�cantly
risky situations are avoided. In other words, even in safety-critical situations, a model may need
to accurately determine how likely its predictions are to be right or wrong.
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Sources of Uncertainty

Sources of uncertainty are commonly divided into two main categories called aleatoric uncertainty
(also called data uncertainty) and epistemic uncertainty (also called model uncertainty) (H•uller-
meier and Waegeman, 2021).

i. Aleatoric uncertainty: Aleatoric (from alea, which meansdice in Latin) uncertainty refers to
the variability of outcomes due to inherent randomness in the experiments. Some good examples
of such random processes are fair coin 
ipping or dice rolling. In these situations, the uncertainty
of the outcome is due to the randomness of the experimental process. For such cases, even with
collecting an almost in�nite amount of samples, it would not be possible to predict the outcome
of an observation with almost complete certainty, e.g. it is not possible to know if a 
ipped fair
coin would be head or tail with certainty, no matter how many times the experiment is previously
repeated. For this reason, it is also known as irreducible uncertainty, as the uncertainty in the
experiment outcome is not due to a limited number of observations, but is due to the inherent
randomness.

For machine learning systems, noise and error in measurement systems are an example of aleatoric
uncertainty. An example of aleatoric uncertainty is a low-resolution image of an animal that could
be a dog or a wolf but cannot be determined because of the low resolution. Another example could
be that there is both a dog and a wolf in the image, but the decision maker (for example a machine
learning model) needs to decide if it is a dog or a wolf. As a result, falsely labeled data is also an
example of aleatoric uncertainty (Gawlikowski et al., 2023).

ii. Epistemic uncertainty: Epistemic (from episteme, meaning knowledge in ancient Greek)
uncertainty refers to uncertainty caused by a lack of knowledge, or in other words, uncertainty
due to ignorance. Sticking with the coin example, an example of epistemic uncertainty might
be the uncertainty in the experiment to determine whether a coin is fair or not - perhaps with
the further assumption that the probability of having a head or a tail has a constant value. In
this experiment, the coin fairness is not inherently random and can be determined with increased
certainty simply by collecting additional data, i.e., 
ipping the coin again.

For machine learning systems, distribution, and domain shifts are examples of epistemic uncer-
tainty (Gawlikowski et al., 2023). For example, a model trained on images of adult dogs and
wolves may perform poorly in deciding whether a puppy is a wolf or a dog. Similarly, a cat image
is also unknown to the model and would not be classi�ed as such. In both cases, the uncertainty
is not caused by the images (data) themselves. For example, if the images are not so blurred
that it is impossible to tell what is in them, which would be an example of aleatoric uncertainty,
the image is clear to people or machines who know what puppies or cats are. So the uncertainty
about whether the puppy in the picture is a dog or a wolf is due to modeling, or in other words,
the model's lack of knowledge.

Uncertainty Quanti�cation Methods For Neural Networks

For each output to be predicted, standard deep learning models predict a single scalar value, but
such predictions provide limited information about the con�dence of the prediction. For example,
the sof tmax output layer can provide con�dence interpretations. The sof tmax layer is already
widely used in classi�cation tasks. It normalizes the scalar values associated with a potential class
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to which a data sample may belong, and the sum of these scalar values to one. Therefore, the
output of the softmax layer can be interpreted as a probability distribution over all possible classes.
Di�erent con�dence metrics are de�ned over these softmax outputs interpreted as probability
distributions (Zhang et al., 2020). For example, the highest value of the softmaxed vector can be
considered as the con�dence of the prediction, since this value is the value associated with the
predicted class (Pearceet al., 2020). However, these values are not robust and often overestimate
the true probability of being classi�ed correctly (Guo et al., 2017). Therefore, these metrics are
not fully reliable. In addition, soft-max is not used for regression tasks.

An often better way to evaluate the con�dence of deep learning models is to predict a distribution
in the output space, rather than predicting a single estimate. One group of methods for predicting
a distribution is Bayesian neural networks, which propose to learn the weights of the neural network
as probability distributions instead of scalar values. In this way, the output of the model also
becomes a probability distribution for a given input. Bayesian neural networks use the Bayes rule
to infer the distribution of weights p(� jD ) given the data D :

p(� jD ) =
p(D j� )p(� )

p(D )
=

p(D j� )p(� )
R

p(D j� )p(� )d�
: (2.9)

However, the integral required for the calculation is often intractable and is therefore approxi-
mated.d (Kingma, 2013; Wenet al., 2018).

Monte Carlo Dropout (Gal and Ghahramani, 2016) (MC-Dropout for short) approximates
Bayesian neural networks by using dropout layers not only during training but also during predic-
tion, where they are classically disabled. Standard dropout layers are not used during prediction
time to use all neurons without dropping any of them, resulting in a full model performance.
However, with random dropping on during prediction, the same input can be fed into the model
to make unequal predictions, and therefore an output distribution can be predicted for an in-
put sample. While there is almost no additional training time, prediction for MC-Dropout is
computationally expensive due to multiple forward passes.

Another way to predict a distribution is deep ensembles, where the same architectures are trained
independently and with di�erent initialization weights (Lakshminarayanan et al., 2017). While
deep ensembles are easy to implement and often perform well, they are expensive in terms of
computation and memory because each independent model is trained from scratch. They are
also expensive in terms of prediction time due to the number of forward passes as much as the
number of individual networks in the ensemble. To alleviate this problem, several methods have
been proposed that make minor architectural changes to mimic deep ensembles while having
signi�cantly lower computational and memory requirements (Turkoglu et al., 2022; Wen et al.,
2020).

On the other hand, some methods allow the user to the user to specify a desired level of certainty,
in other words, a prede�ned con�dence level. The method then returns a prediction (e.g. predic-
tion interval) containing the ground truth value with that prede�ned con�dence (Romano et al.,
2019).
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2.4 Uncertainty Quanti�cation

Calibration

In safety-critical situations, it can be critical to determine the certainty of model predictions
accurately. Deep learning models often use soft-max activation for classi�cation tasks, which can
provide a probability distribution as a prediction. In addition, a higher value of the output for
a particular class means that the model is more con�dent in its prediction. Thus, the output
of a soft-max activation is typically interpreted as the con�dence score. For example, an output
vector yi = f (x i ) = [0 :1; 0:2; 0:7] for an input sample x i and the model f can be interpreted as
saying that the model predicts that the chances ofx i being correctly classi�ed in each class are
10%, 20%, and 70%. However, this con�dence interpretation of softmax outputs is overcon�dent
for typical modern deep learning networks (Guoet al., 2017). For the example above, this means
that the expected probability of x i being correctly classi�ed in class 3rd is signi�cantly less than
70% for most modern deep learning networks. When this is the case, the model is said to be
\uncalibrated".

Formally, assuming that f (X ) = ( Ŷ ;P̂ ), where Ŷ is a class prediction andP̂ is the con�dence of
the prediction, i.e. the probability that it is correctly classi�ed, Guo et al. (2017) de�nes perfect
calibration as:

P(Ŷ = Y jP̂ = p) = p; 8p 2 [0; 1] (2.10)

Evaluation of calibration quality: Calibration quality can be examined and measured by using
reliability diagrams and expected calibration error, which will now be discussed.

i. Reliability Diagrams: Estimating the expected accuracy from a limited number of samples can
be done by grouping predictions intoN equally sized interval bins and calculating the accuracy of
each bin (DeGroot and Fienberg, 1983; Niculescu-Mizil and Caruana, 2005; Guoet al., 2017). Let

Bn be the indices of samples whose prediction con�dence falls in the intervalI n =
�

n � 1
N

;
n
N

�
.

Let ŷi and yi be the predicted and true class labels for samplei , the accuracy of theBn is

acc(Bn ) =
1

jBn j

X

i 2 B n

1(ŷi = yi ): (2.11)

Where p̂i is the con�dence for samplei , the average con�dence within bin Bn is de�ned as

conf(Bn ) =
1

jBn j

X

i 2 B n

p̂i (2.12)

Note that a perfectly calibrated model will have acc(Bn ) = conf( Bn ) for all n 2 1; :::; N .

ii. Expected Calibration Error: While reliability diagrams are useful for visualization and deeper
analysis, a scalar performance metric for calibration allows an e�ective comparison of di�erent
methods and models. A scalar metric that satis�es this requirement is the expected value of the
absolute di�erence between accuracy and con�dence, formally expressed as (Guoet al., 2017)

E
P̂

h�
�
�P

�
Ŷ = Y jP̂ = p

�
� p

�
�
�
i

: (2.13)
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2.4 Uncertainty Quanti�cation

An approximation of 2.13 with a limited number of samples, similar to the reliability plots, can be
made by grouping the predictions into N equally sized bins. In this way, the expected calibration
error (ECE) Naeini et al. (2015) evaluates the expected value of the absolute di�erence between
accuracy and con�dence. More speci�cally, whereM is the total number of samples, ECE is
formally given by

ECE =
NX

n=1

jBn j
M

�
�
�acc(Bn ) � conf (Bn )

�
�
� (2.14)

There are other similar calibration error metrics besides ECE. The static calibration error (Nixon
et al., 2019) uses within-bin con�dence and accuracy metrics similar to ECE, but instead of eval-
uating the calibration error over the predicted class like ECE, it evaluates the average calibration
error over all classes. The adaptive calibration error (Nixonet al., 2019) shapes the bins so that
each has the same number of predictions, rather than grouping them at equal intervals.

Methods to improve calibration: One way to improve the calibration is to modify the training
procedure. Label smoothing reduces the overcon�dence of the model and thus improves the
calibration by changing the false labels to be small equal values instead of zero and reducing the
true label value accordingly Szegedyet al. (2016); M•uller et al. (2019). Thulasidasanet al. (2019)
and Patel et al. (2021) use data augmentation techniques to improve the calibration. They use
the mixup (Zhang et al., 2017), which randomly sums parts of two input samples and their labels,
and on-manifold adversarial data as data augmentation methods, respectively.

After training the machine learning models, post-hoc calibration methods are applied to improve
the calibration. A small subset of the training set can be omitted for post-hoc calibration. It is
desired that the accuracy of the model is not a�ected by the calibration process. Temperature
scaling Guoet al. (2017) is an e�ective post-hoc calibration method for classi�cation tasks, where
the elements of the input vector fed into the softmax function are divided by a positive scalar
value called the temperature. Similar to temperature scaling, Leviet al. (2022) suggests standard
deviation scaling for regression tasks.

A reduced model uncertainty means better modeling of the existing data distribution and there-
fore leads to a better calibration. Therefore, methods that reduce the uncertainty by reducing
the model uncertainty, such as Bayesian-based methods, deep ensembles, and similarly e�cient
implementations of these methods, improve the calibration (Turkoglu et al., 2022).

Out-of-Distribution Detection

Out-of-distribution (OOD) detection is a critical task for the applicability of machine learning
systems in real-world scenarios. Machine learning models are typically trained using a closed-
world assumption, where the test set is assumed to be independent and identically distributed. It
is assumed that the samples are not connected and therefore do not in
uence each other and that
they are drawn from the same distribution.

However, the models are used in real-world or open-world scenarios where test samples may be
out-of-distribution. OOD samples can be due to semantic shift, where the samples may belong
to di�erent classes, or covariate shift, where the samples may be from a di�erent domain (Yang
et al., 2021).
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2.5 Deep Learning for Genomics

There is a high risk of misclassi�cation for out-of-distribution (OOD) samples, so ideally the model
should refrain from classifying and inform the user that it cannot con�dently estimate the result.
The machine learning model trained for in-distribution (ID) scenarios is denotedf . The selective
classi�er then consists of a pair of (f; g ), where g is a selector for whether the prediction should
be made (El-Yaniv et al., 2010). Speci�cally

(f; g )(x) =

(
f (x); if g(x) = 1

No classi�cation; if g(x) = 0 :
(2.15)

Let � f (x) be the con�dence of the modelf for an input sample x. g(x) can be modelled as

g(x) =

(
g(x) = 1 ; if � f (x) � �

g(x) = 0 ; otherwise.
(2.16)

where � is a threshold value (Geifman and El-Yaniv, 2017). For a multi-class classi�cation task
using a softmax output activation, even if the model is not well calibrated, e.g. ECE is high, it
is assumed that the con�dence of one input is greater than or equal to the con�dence of another
input, i.e. � f (x1) � � f (x2), if the output value of the input is greater than or equal to the other
input, i.e. f (x1) � f (x2). In this case, it is also possible to modelg(x) as follows:

g(x) =

(
g(x) = 1 ; if f (x) � �

g(x) = 0 ; otherwise.
(2.17)

g(x) = 1 in the above equation can be seen as an \ID" scenario andg(x) = 0 can be seen as an
\OOD" scenario (Sun et al., 2022).

Hendrycks and Gimpel (2016) proposed a simple baseline for detecting OOD samples without
having to choose a threshold like� : First, the maximum softmax probability, i.e. the softmax
probability for the predicted class, is computed for test samples of the ID and OOD datasets.
Then, using these datasets as di�erent groups, threshold-independent metrics such as ROC-AUC
and PR-AUC are computed from the maximum softmax probabilities of the test samples.

2.5 Deep Learning for Genomics

Deep learning methods for genomic applications will be introduced in this section, focusing on
DNA data, and the deep learning areas to which this thesis contributes: self-supervised learning,
model design, uncertainty quanti�cation, and software applications.
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Self-Supervised Learning for Genomic Applications

Self-supervised learning in genomics is dominated by models adapted from methods developed for
NLP or computer vision applications. Here is a brief introduction to how self-supervised learning
methods work and how they are adapted to genomics.

i. An example of such architectures is DNA-BERT (Ji et al., 2021), where BERT (Devlin et al.,
2018), a self-supervised method developed for NLP tasks, is adapted to genomic tasks. One
challenge in adapting BERT to perform well on DNA data is the mismatch between the complexity
of words in natural language processing and nucleotides in DNA. In particular, words, which are
fed into the model as so-called tokens, are inherently complex with thousands of them, whereas
there are only 4 di�erent nucleotides in a DNA sequence and these nucleotides alone do not
contain complex information. Therefore, the tokenization of DNA sequences requires special care.
DNA-BERT adopts BERT by tokenizing k-mers instead of nucleotides, with values of k = 3,4,5,6.
This means that k-mers are one-hot encoded into a representation vector of sizek4. A di�erent
self-supervised model is trained for each value ofk. However, multiple values with none clearly
outperforming the others may indicate that the application of NLP models to sequential genomic
data is still an active area of research (Zhouet al., 2023).

ii. Another example is CPCProt (Lu et al., 2020), which incorporates the contrastive loss to the
genomics data and trains a deep learning model for genomics with very similar training settings
compared to the work introducing contrastive predictive coding (Oord et al., 2018). Speci�cally,
it is trained by predicting future sequence patches, each patch consisting of 11 amino acids.

iii. Contrastive-sc (Ciortan and Defrance, 2021) is a method that utilizes contrastive loss for cell
clustering based on single-cell RNA sequencing data. Speci�cally, two randomly masked copies
of a sequence are trained in such a way that the agreement between the representations of these
copies is maximized, while the agreement between copies from di�erent sequences is minimized.
In this setting, the training has substantial similarity to the common use of contrastive loss for
computer vision tasks. One di�erence between the adapted method and computer vision tasks is
that in contrastive-sc, the copies derived from the same sequence are randomly masked, whereas,
in computer vision tasks, many more complicated data augmentation techniques are used, such
as cropping, resizing, rotating, adding noise, blur, color distortion, or Sobel �ltering (Chen et al.,
2020). Since such augmentation techniques used in computer vision do not produce meaningful
augmented samples for DNA sequences, they are not used for data augmentation and can therefore
be mentioned as a limitation of the adapted techniques.

iv. There are certain features of genome sequences that self-supervised approaches developed
for other �elds and then adapted to genomics usually do not take into account, leading to less
e�ective results and limited applications. G•und•uz et al. (2023) aims to address this by exploiting
the reverse-complement property of DNA sequences. Reverse-complement sequences have already
been used as part of various supervised techniques for DNA data (Shrikumaret al., 2017; Quang
and Xie, 2019), but it had not been integrated to self-supervised learning for this type. In addition,
the work takes into account the fact that nucleotides and multi-nucleotide k-mers contain less
complex information compared to words in human languages and addresses this issue by proposing
a loss function that maximizes the mutual information between the learned representations and
much longer sequences compared to multi-nucleotide k-mers.
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v. Another example of self-supervised learning for the DNA data type is auto-regressive mod-
els trained by predicting the next nucleotides or k-mers, which is also used in Self-GenomeNet
paper (G•und•uz et al., 2023) as baseline methods.

vi. DNABERT-2 (Zhou et al., 2023) addresses several problems associated with k-mer tokeniza-
tion, such as information leakage to neighbouring tokens after tokenization, and proposes to use
a data compression algorithm called byte pair encoding (Sennrich, 2015; Gage, 1994) instead of
k-mer tokenization.

Model Design for Genomics

Experts design and develop deep learning architectures based on a deep understanding of both
machine learning and the speci�c domain in which they are used. In addition, a signi�cant amount
of testing and improvement is required.

Models developed for sequential genomic data based on convolutional layers include Deep-
VirFinder (Ren et al., 2020), ViraMiner (Tampuu et al., 2019), CHEER (Shang and Sun, 2020),
PPR-Meta (Fang et al., 2019), DeepSEA (Zhou and Troyanskaya, 2015), Basenji (Kelleyet al.,
2018), DeepBind (Alipanahi et al., 2015), Coda (Kohet al., 2017), and models in Fiannacaet al.
(2018), Bartoszewiczet al. (2022), and Zenget al. (2016). Depending on the task or dataset,
there may be global average or global max pooling after the convolutional layer, especially if the
predicted label of the data represents a feature that belongs to the complete sequence data, such
as whether the data sequence is either viral or bacterial nucleic acid, rather than a label expressed
as a function of position in the sequence.

Some genomics architectures developed by experts include recurrent layers such as Seeker (Aus-
lander et al., 2020) or DeepMicrobes (Lianget al., 2020). DanQ (Quang and Xie, 2016) and the
work of Wang et al. (2019) use recurrent layers on top of convolutional layers, i.e. the output
tensor of convolutional layers is fed into a recurrent layer so that some repeating motifs like k-mers
can be learned by convolutional layers and the sequential relationship between these patterns can
be learned by a recurrent layer.

The above models can provide a good basis for a meaningful search space for automated neural
architecture search. Contributions in this thesis by G•und•uz et al. (2023), Scheppachet al. (2023)
de�ne search spaces based on recurrent layers or global pooling layers (only the �rst work) placed
after convolutional layers, which proves to be very e�ective, outperforming all expert-designed
architectures in the performed benchmarks.

There are also other attempts to develop e�ective automated neural architecture search for ge-
nomics. Automated Modeling for Biological Evidence-based Research (AMBER) (Zhanget al.,
2021b), applied the ENAS (Pham et al., 2018) method to the genomics dataset for automatic
design of convolutional networks. AMBIENT (Zhang et al., 2021a) aims to reduce the need for
computational power by generating architectures for new tasks based on data descriptors such
as the type of regulatory feature. However, these NAS methods are based only on convolutional
networks and do not incorporate recurrent layers into their search space.
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Uncertainty Quanti�cation for Genomics

Uncertainty quanti�cation can be essential in safety-critical areas such as genomics or medicine,
where high uncertainty in the models developed can lead to the models not being used. There-
fore, performance benchmarking of uncertainty quanti�cation methods on tasks such as out-of-
distribution detection or calibration are quite common on data types such as genomics data like
DNA or RNA sequences (Turkoglu et al., 2022; G•und•uz et al., 2023; Vahidi et al., 2024; Bajwa
et al., 2024) or medical image data (Turkogluet al., 2022; Mehrtashet al., 2020). Some studies
carried out on DNA and RNA sequences are further examined as follows:

i. Bajwa et al. (2024) points out a high uncertainty in the predictions on variant sequences, indi-
cating that the developed models have limited generalization ability to out-of-distribution samples
for genomic sequence-to-activity tasks. They also suggest focusing on developing calibrated un-
certainty estimates for genomic sequence-to-activity models using methods such as conformal
prediction that generate statistically rigorous uncertainty intervals.

ii. G•und•uz et al. (2023) shows that the conformal prediction coverage on the test set is 89.6% for
the coverage target, which has an expected coverage of 90%, optimized to cover the amount of
90% on the validation set. Since these values are very close, it should be noted that the coverage
on the validation set generalizes well to the test set.

iii. MacDonald et al. (2023) shows that simple Bayesian deep learning models applied to oncology
can signi�cantly improve generalization, which is valuable as overcon�dence of deep learning
models under data distribution shifts remains a major issue preventing their use in production.

iv. Turkoglu et al. (2022), including the author of this thesis, show that the state-of-the-art implicit
ensemble technique FiLM-Ensemble, also proposed in the same paper, can also be successfully
applied to DNA data, e�ectively yielding signi�cantly better-calibrated models compared to deep
ensemble models.

v. Hie et al. (2020) demonstrates how uncertainty can improve the experimental lifecycle by
helping researchers prioritize sample-e�cient experiments in biological areas such as single-cell
transcriptomics and protein engineering.

Software Libraries for Applied Deep Learning for Genomics

As access to more powerful computing resources has become easier and machine learning methods
have proven their success in various �elds, deep learning methods are on the rise in the �eld of
genomics. Software libraries such as Selene (Chenet al., 2019) and Janggu (Koppet al., 2020)
have emerged along with this trend. However, the focus of these libraries is on human genomics,
and their capabilities for other genomes, such as microbial, are limited. In addition, these libraries
are written in Python, a commonly used language for deep learning.

The software library deepG, which is a contribution in this thesis (Mrecheset al., 2024), is mainly
based on the R language, another commonly used language among bioinformaticians. Two other
contributions of this thesis, Self-GenomeNet, and GenomeNet-Architect (G•und•uz et al., 2023;
G•und•uz et al., 2023), are also integrated into the library, allowing these methods to be easily
used, trained, tested, and deployed.
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3 Conclusion

As concluding remarks, the contributions of this thesis are discussed along with potential future
work.

3.1 Discussion of Contributions

All data, model, and evaluation-related aspects of applied deep learning in genomics are addressed
in this thesis, providing a comprehensive range of contributions to its main topic, which is the
design and optimization of deep learning methods for genomic sequencing data.

i. Contributions to self-supervised learning for genomics:The contribution to the data-related part
focuses on how large amounts of unlabeled data can be utilized, which is particularly bene�cial
when labeled data is limited. This can often be the case in genomics, as data labeling can
be expensive. Self-GenomeNet (G•und•uzet al., 2023) shows that self-supervised methods more
suitable to genomic data can be proposed based on expert knowledge in genomics. Speci�cally, a
self-supervised method is proposed that makes more e�ective use of reverse complement sequences
to improve the quality of learned representations during self-supervised training of the machine
learning model. The e�ectiveness of the method is demonstrated in a wide range of settings
such as semi-supervised (also called label-scarce) setting, transfer learning, and linear evaluation,
and on a wide range of tasks such as bacteriophage detection, e�ector gene prediction, fungal-
protozoa classi�cation, and chromatin feature estimation, outperforming the standard supervised
deep learning training despite using 10 times less annotated data samples.

ii. Contributions to automated model design for genomics:The contribution to the model-related
part focuses on the automated design of model architectures. Although there are several standard
models in di�erent �elds of deep learning, such as ResNets (Heet al., 2016) or visual transform-
ers (Dosovitskiy, 2020) in computer vision or BERT (Devlin et al., 2018) in natural language
processing, there is no widely accepted standard model in genomics. Moreover, even in �elds
with such standard models, neural architecture search methods that optimize the models based
on speci�c datasets are bene�cial to improve predictive performance. The concurrent work of
GenomeNet-Architect (G•und•uz et al., 2024) and the neural architecture search methods adapted
in the work of Scheppachet al. (2023) both show the e�ectiveness of automated model design
methods for genomics data, especially when an appropriate search space is proposed, which may
require expert knowledge. A major contribution of Scheppachet al. (2023) is that several neu-
ral architecture search methods developed for other areas of deep learning can outperform the
expert-designed methods in genomics and that performance di�erences between separate neu-
ral architecture search methods can often be insigni�cant. Because running neural architecture
search algorithms separately is computationally expensive, this study could be performed on only
one dataset (Zhou and Troyanskaya, 2015). It could also be argued that an additional potential
improvement point of the work was the limited number of expert-designed models as baselines.
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This study showed the need for proposing a well-de�ned search space along with an appropri-
ate architecture search strategy, which should be empirically proven to outperform on a wider
range of datasets and expert-designed baselines, which are points fully addressed by the work of
G•und•uz et al. (2024). The proposed method (G•und•uz et al., 2024) outperforms a considerable
amount of expert-designed models on a newly introduced benchmark on virus classi�cation tasks
for di�erent sequence length values and outperforms all baselines on another existing benchmark
for pathogenicity prediction in which the baseline results are taken from the work of Bartoszewicz
et al. (2020).

iii. Contributions to uncertainty quanti�cation and calibration for genomics: Contributions re-
lated to the evaluation part will be made in the area of uncertainty quanti�cation, i.e. the
uncertainty in the evaluated performance metrics together with the relevant uncertainty quanti�-
cation subtasks such as calibration improvement and out-of-distribution detection. Being informed
about the risk of obtaining unwanted results based on the model decisions can be highly bene�cial
for genomic datasets and tasks, as the use cases can be health-related and thus safety-critical.
The contributions of the thesis in this area (G•und•uz et al., 2023; Turkoglu et al., 2022; Vahidi
et al., 2024) are applications of uncertainty quanti�cation methods on genomic datasets. G•und•uz
et al. (2023) analyzes uncertainty quanti�cation approaches on a multi-target regression task in
genomics for both in-distribution and out-of-distribution scenarios. The author of this thesis
contributes to the work of Turkoglu et al. (2022) by evaluating the performance of the proposed
state-of-the-art implicit deep ensemble method on genomics data and shows that the calibration
of genomics tasks can be signi�cantly improved. In addition, the trade-o� between calibration
and prediction performance that can be achieved by adjusting the hyperparameter introduced by
the method is analyzed on the genomics dataset. Last but not least, the DNA dataset in the the-
sis also proves that the proposed FiLM-Ensemble also works with one-dimensional convolutional
layers, serving a more general purpose. Similarly, the author of this paper contributes to the work
of Vahidi et al. (2024) by testing the proposed method in the article, which can be built upon
existing self-supervised learning methods to improve the calibration of the models. The proposed
method is built on another contribution of this thesis, Self-GenomeNet, a self-supervised learning
model developed for genomics. Therefore this work (Vahidiet al., 2024) can further be attributed
to contributions made in the �eld of self-supervised learning. Such analyses of uncertainty quan-
ti�cation methods on genomics datasets are valuable for testing existing deep learning methods on
this data type, an area where these methods are invaluable. However, recently proposed methods
in deep learning often omit to test the method on this data type and often test the proposed meth-
ods only in more mainstream deep learning �elds such as computer vision and natural language
processing.

iv. Contributions to software development for genomics:The main contribution of Mreches et al.
(2024) is a software library called \deepG". This library is written in R, a programming language
commonly used by bioinformaticians. The goal of this work is to facilitate the training, testing, and
deployment of machine learning models in genomics. In line with this goal, two major contributions
of this thesis, Self-GenomeNet (G•und•uz et al., 2023) and GenomeNet-Architect (G•und•uz et al.,
2024) are integrated into the deepG library. This integration makes the use of these methods
more accessible to researchers, allowing them to use unlabeled data more e�ectively, train models
on pre-trained self-supervised models, optimize data-speci�c model architectures, or use models
that have been shown to produce remarkable results on multiple datasets.
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3.2 Future Directions

Foundational models and the development of unlabelled neural architecture search techniques for
genomic data can be potentially powerful successors of this work. This section discusses future
research ideas in these directions.

i. Foundational models designed speci�cally for genomic data:There is substantial quality work
in deep learning, especially in �elds such as natural language processing. One recent breakthrough
in deep learning is natural language processing (NLP) with large language models (LLMs) (Min
et al., 2023). LLMs are trained with a huge amount of unlabeled text data using self-supervised
training methods. In genomics, unlabeled data is abundant, similar to NLP. Therefore, research
into this direction is very promising and can be very in
uential. In fact, such models have already
become in
uential for the genomics �eld (Rives et al., 2021; Dalla-Torre et al., 2023; Zhouet al.,
2023; Mendoza-Revillaet al., 2024).

One direction of LLMs for genomics can be designed based on the idea presented in Self-
GenomeNet (G•und•uz et al., 2023), a contribution of this thesis. G•und•uz et al. (2023) shows
that integrating reverse-complement e�ectively into the self-supervision task can improve the
quality of the learned representations. Like contrastive predictive coding (Oordet al., 2018), Self-
GenomeNet uses an autoregressive model enabled by a recurrent layer. LLMs are transformer
models, which are based on self-attention layers. The connection between recurrent networks and
transformer models is also well-studied. \Transformers are RNNs: Fast Autoregressive Trans-
formers with Linear Attention" (Katharopoulos et al., 2020) and \Transformers are Multi-State
RNNs" (Oren et al., 2024) illustrate the close connections between transformer models and RNNs,
even in the title of papers. Autoregressive LLMs such as the method in Katharopouloset al. (2020)
to utilize the reverse-complement sequences as Self-GenomeNet (G•und•uzet al., 2023) describes
could be worth investigating.

ii. Unlabeled neural architecture search for genomics:Some studies investigate neural architecture
search methods for cases where human-annotated data is not available and conclude that neural
architecture search methods using self-supervised learning targets achieve comparable results to
those using standard supervised learning on labeled data (Kaplan and Giryes, 2020; Liuet al.,
2020). Therefore, these methods address the need for labeled data for neural architecture search
by using already existing SSL techniques and without signi�cant loss in performance. In section
2.2, it was mentioned that self-supervised learning methods create labels using the unlabeled
data sample and then the model is trained similarly to the supervised learning case using these
generated labels. Considering that self-supervised methods indeed create some labels (although
computer-designed and automated) and are e�ective in learning good representations, it is not
surprising to the author of this thesis that these methods �nd such successful architectures. Both
Liu et al. (2020) and Kaplan and Giryes (2020) use a NAS method called DARTS (Liuet al.,
2018b) along with various self-supervised learning methods. For example, Kaplan and Giryes
(2020) uses SimCLR (Chenet al., 2020) as a self-supervised learning method. Nevertheless, a
NAS method can only perform well if it has a good search space, which is already designed
by G•und•uz et al. (2024) and Scheppachet al. (2023), which are contributions of this thesis. In
addition, Scheppachet al. (2023) already proves that the DARTS algorithm used in the mentioned
work (Liu et al., 2020; Kaplan and Giryes, 2020) can be successfully applied to genomic data using
its de�ned search space. Finally, the self-supervised learning method designed for genomic data,
Self-GenomeNet (G•und•uz et al., 2023), which is another contribution of this thesis, combined with
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GenomeNet-Architect (G•und•uz et al., 2024) or a NAS model from Scheppachet al. (2023) would be
a good �t and could be worth investigating. Both these automated model design methods and the
self-supervised learning method explore the setting with recurrent layers on top of convolutional
layers, so combining these methods may be possible without major changes in model design
or search space. Last but not least, this research could also impact the �eld of deep learning in
genomics, especially due to the cost of expert annotated data in the �eld of health and genomics.
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