BU

Bournemouth
University

Faculty of Science and Technology
Bournemouth University

A thesis submitted in partial fulfilment for the degree of doctor of philosophy

Efficient Multi-Objective
NeuroEvolution in Computer Vision
and Applications for Threat
|dentification

Doctoral Thesis of

Daniel Dimanov

Supervisory Team:

Dr. Emili Balaguer-Ballester
Dr. Colin Singleton
Dr. Shahin Rostami



Abstract

Concealed threat detection is at the heart of critical security systems designed to en-
sure public safety. Currently, methods for threat identification and detection are primarily
manual, but there is a recent vision to automate the process. Problematically, developing
computer vision models capable of operating in a wide range of settings, such as the ones
arising in threat detection, is a challenging task involving multiple (and often conflicting)
objectives.

Automated machine learning (AutoML) is a flourishing field which endeavours to dis-
cover and optimise models and hyperparameters autonomously, providing an alternative
to classic, effort-intensive hyperparameter search. However, existing approaches typ-
ically show significant downsides, like their (1) high computational cost/greediness in
resources, (2) limited (or absent) scalability to custom datasets, (3) inability to provide
competitive alternatives to expert-designed and heuristic approaches and (4) common
consideration of a single objective. Moreover, most existing studies focus on standard
classification tasks and thus cannot address a plethora of problems in threat detection
and, more broadly, in a wide variety of compelling computer vision scenarios.

This thesis leverages state-of-the-art convolutional autoencoders and semantic seg-
mentation (Chapter 2) to develop effective multi-objective AutoML strategies for neural
architecture search. These strategies are designed for threat detection and provide in-
sights into some quintessential computer vision problems. To this end, the thesis first
introduces two new models, a practical Multi-Objective Neuroevolutionary approach for
Convolutional Autoencoders (MONCAE, Chapter 3) and a Resource-Aware model for
Multi-Objective Semantic Segmentation (RAMOSS, Chapter 4). Interestingly, these ap-
proaches reached state-of-the-art results using a fraction of computational resources re-
quired by competing systems (0.33 GPU days compared to 3150), yet allowing for mul-
tiple objectives (e.g., performance and number of parameters) to be simultaneously op-
timised. This drastic speed-up was possible through the coalescence of neuroevolution
algorithms with a new heuristic technique termed Progressive Stratified Sampling. The
presented methods are evaluated on a range of benchmark datasets and then applied to
several threat detection problems, outperforming previous attempts in balancing multiple
objectives.

The final chapter of the thesis focuses on thread detection, exploiting these two mod-



els and novel components. It presents first a new modification of specialised proxy scores
to be embedded in RAMOSS, enabling us to further accelerate the AutoML process even
more drastically while maintaining avant-garde performance (above 85% precision for
SIXray). This approach rendered a new automatic evolutionary Multi-objEctive method
for cOncealed Weapon detection (MEOW), which outperforms state-of-the-art models for
threat detection in key datasets: a gold standard benchmark (SixRay) and a security-
critical, proprietary dataset.

Finally, the thesis shifts the focus from neural architecture search to identifying the
most representative data samples. Specifically, the Multi-objectlve Core-set Discovery
through evolutionAry algorithMs in computEr vision approach (MIRA-ME) showcases how
the new neural architecture search techniques developed in previous chapters can be
adapted to operate on data space. MIRA-ME offers supervised and unsupervised ways
to select maximally informative, compact sets of images via dataset compression. This
operation can offset the computational cost further (above 90% compression), with a
minimal sacrifice in performance (less than 5% for MNIST and less than 13% for SIXray).

Overall, this thesis proposes novel model- and data-centred approaches towards a
more widespread use of AutoML as an optimal tool for architecture and coreset discov-
ery. With the presented and future developments, the work suggests that AutoML can
effectively operate in real-time and performance-critical settings such as in threat de-
tection, even fostering interpretability by uncovering more parsimonious optimal models.
More widely, these approaches have the potential to provide effective solutions to chal-
lenging computer vision problems that nowadays are typically considered unfeasible for
AutoML settings.
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Chapter 1

Introduction

Computer vision algorithms have always enjoyed tremendous attention in the machine
learning community and have been in high demand in general ever since Sussman's suc-
cessful Summer project (Papert 1966), through the birth of convolutional neural networks
with the Neocognitron (Fukushima and Miyake 1982) and LeCun's successful LeNet Le-
Cun et al. (1998).

Despite presented almost 10 years ago, InceptionNet(Szegedy et al. 2015b) and
ResNet(He et al. 2015) remain some of the most popularly used architectures to date
(Miao et al. 2019, Wu et al. 2019b) . The problem is that these architectures, like many
others, were designed for speci ¢ tasks and while achieving good results in plenty of dif-
ferent settings, they are far from optimal solutions in many cases (Miao et al. 2019) and
it is not advisable to be taken as the silver bullet of computer vision (Guo et al. 2019a,
Castilla et al. 2022).

On the other hand, hiring a team of data science engineers to tailor networks for
each new industrial application is unfeasible. Hence, researchers have started exploring
the possibility of using automated systems that, given an objective and data, can gen-
erate fully- edged models capable of achieving competitive performance with systems
designed by experts (Liu et al. 2018, Real et al. 2017, Tan and Le 2019a, Qin and Wang
2019).

While these automated machine learning (AutoML) methods represent the new state-
of-the-art in computer vision, they do not come without their caveats. First and fore-
most, the current state-of-the-art methods are extremely slow, even for low-dimensional
datasets- taking thousands of GPU days to discover a good architecture (e.g. 3150 GPU
days (Real et al. 2017) and 9000 GPU days (Qin and Wang 2019))(Real et al. 2018, Qin
and Wang 2019). The vast majority also focus on a single, performance-related objective,
which negatively affects the models' size and the needed run time for sensible results.
Moreover, they are mainly used for small-scale, low-dimensional problems and are de-
signed in a way that limits their scalability to larger or simply different datasets (Stanley
et al. 2019a).
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The current AutoML state-of-the-art primarily focuses on simple binary or multi-class
classi cation tasks (Stanley et al. 2019a). However, the rapidly-evolving eld of machine
learning research requires AutoML solutions that are more representative of real-world
applications and adaptable to various modi cations. This advancement is necessary to
enable researchers to quickly explore different ideas without having to build new methods
from scratch. This gap can be addressed by proposing a novel AutoML approach that
is more exible and suitable for a broader range of applications. Hence, in Chapter 5.1,
the plasticity of the presented approaches is demonstrated by restructuring the neuroevo-
lution algorithm from Chapter 4 to operate on the data scape and discover critical data
points in a dataset instead of convolutional architectures.

A considerable portion of the AutoML approaches is highly specialised at a specic
task (which is usually a benchmarking dataset) instead of being a general solution which
they should be by design. While such attempts are a prerequisite for the success of
AutoML since they provide much-needed ndings about the feasibility of particular ap-
proaches, the potential for industrial applications of AutoML remains largely unexplored
and has recently attracted the attention of, e.g., Google (Bisong 2019) or Alibaba (Li et al.
2021) among many other corporations.

Among the myriad potential applications of AutoML, security and, more speci cally,
concealed weapon detection is of particular interest in this thesis. More speci cally, one
of the main goals of this work is to develop an automated approach for X-ray computer
vision in concealed weapon detection to be applied in a range of industrial applications.
The efforts towards this goal are presented in Chapter 5.1 where the proposed ef cient
methods from Chapters 3 and 4 are applied to concealed threat identi cation, and the dis-
covered convolutional architectures achieve state-of-the-art results in two different such
datasets. Interestingly, some of the work done towards this thesis has been used by the
award-winning project.

Concealed weapon detection is usually achieved through either millimeter-waves (Ros-
tami 2014), radar (Goenka and Sitara 2022) or X-ray scanners (Miao et al. 2019). Out
of these, only X-ray detection is within the scope of this thesis and is discussed in more
detail in Appendix A.

In essence, imagery data from X-rays differ signi cantly from the one coming from
visual sources such as CCTV and present novel challenges that need to be addressed
with specialised solutions (Miao et al. 2019, Mery 2015). For example, items in close-
packed bag X-ray scans are typically dif cult to detect for many reasons, including the
fact that stacked items are not fully occluded but rather overlayed (Mery 2015). Moreover,
X-ray imagery captures the density of a certain object rather than just its exterior (Henzler
et al. 2018). This property causes many conventional methods and models to fail in these
tasks and showcases the necessity for domain-speci ¢ model architectures.

Moreover, most approaches in this area are manual, and the rest phrase the problem
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as a binary classi cation (they are concerned with only detecting if there is a threat or
not (Mery 2015, Dimanov 2019)). This method is sub-optimal since different threats need
to be handled differently (Bolz Jr et al. 2016). For example, security should approach
a person of interest suspected of carrying a rearm and one of having a bomb in two
distinctive ways. In many cases, multiple con icting objectives need to be considered.
For example, the performance for a specic class might be more important than the
overall performance, or computational constraints (e.g. size or speed of the model) need
to be considered.

Concealed weapon detection is just an example of an area in need of simultaneous
optimisation of multiple, often con icting, objectives. More broadly, multi-objective opti-
misation has a wide range of applications in nance and economics (Tapia and Coello
2007) (e.g., in investment portfolio optimisation, stock ranking, stock-return prediction or
in any other form of economic modelling), decision-making in design and engineering
Domingo-Perez et al. (2016), Pllana et al. (2019), energy forecasting (Tomoiaga et al.
2013, Liu et al. 2020a), and in many other areas (Ellefsen et al. 2017, Bjornson et al.
2013, Ogbolumani and Nwulu 2021, Bagheri-Esfeh et al. 2020).

In short, multi-objective optimisation attempts to improve the balanced performance
of the chosen method over several different objectives (represented by different objective
scores) (Deb 2014), as discussed in further detail in Chapter 2. The need for multi-
objective optimisation for AutoML may seem obvious (Stanley et al. 2019a), yet some
of the early attempts to achieve this (Real et al. 2018) have been replaced by single-
objective reinforcement learning approaches (Tan and Le 2019a). One of the hypotheses
of this thesis is that the potential of multi-objective evolutionary algorithms for automated
machine learning has not been fully harnessed yet.

Moreover, with the rise in popularity of representation learning and explainability, there
has been an increasing interest in unsupervised and manifold learning methods in gen-
eral (Bengio et al. 2013, Dimanov 2021, Venkataramanan et al. 2022) . Consistent with
this trend, this thesis contributes to bridging the two elds by proposing a way to conduct
unsupervised machine learning in an automated fashion.

1.1 Aims and objectives

This thesis aims to provide a stepping stone towards the widespread use of AutoML in
research and industry, emphasising case studies in threat identi cation. The novel meth-
ods, designed to be applicable to various computer vision problems, should automatically
identify potential threats in X-ray screening with high enough speed and performance to
constitute an effective prevention approach.

Moreover, this work aims to accelerate AutoML while preserving (or improving) its
effectiveness. In short, the proposed approaches can boost AutoML availability and its
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growth as a research eld while reducing the carbon footprint of these highly computa-

tionally demanding deep learning methods. Overall, the societal bene ts derived from a

more ef cient AutoML can contribute to broadening the scope of the next generation of Al

approaches (Doke and Gaikwad 2021). Towards this goal, the objectives of this thesis

are to:

1.

1.2

Identify key strengths and limitations of the state-of-the-art in AutoML for computer
vision, with an emphasis on neuroevolution and threat detection.

. Design an ef cient AutoML approach for computer vision, capable of simultane-

ously optimising multiple objectives (image reconstruction, dimensionality reduc-
tion, model complexity) to discover convolutional autoencoder architectures.

Develop a novel multi-objective optimisation AutoML strategy of discovering exibly
connected convolutional networks for semantic segmentation which can dynami-
cally adjust to computational requirements.

Adapt the newly developed method to real-world dataset using concealed threat
detection problem as a case study to showcase potential eld applications.

. Develop a heuristic approach to bolster the feasibility and ef ciency of AutoML in

both model and data optimisation, facilitating its broader adoption in industrial ap-
plications, exempli ed through a case study in concealed threat detection.

Contributions

Aligning with Objective 1, an extensive literature review is presented in Chapter
2 that identi es the key strengths and weaknesses of the current state-of-the-art
approaches in computer vision, AutoML and multi-objective optimisation.

. Addressing the challenges highlighted in Objective 2, A multi-objective neuroevolu-

tion neural architecture search method for convolutional autoencoders (MONCAE)
is presented in Chapter 3. The approach, also presented at an ICLR 2021 work-
shop, has the potential to impact a wide range of applications due to the increasing
popularity of autoencoder-based generative methods.

In accordance with Objective 3, a resource-aware multi-objective neuroevolution
approach for semantic segmentation - RAMOSS is designed, developed and eval-
uated in Chapter 4. The encoding of RAMOSS allows for exible connections be-
tween different layers by giving the ability of each layer to connect to each other
layer. The speed-up achieved by the approach makes AutoML feasible for segmen-
tation problems and demonstrates the value of multi-objective optimisation. The
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approach was presented at the UKCI 2022 conference and has been awarded a
prize - Best Presentation in UKCI 2022.

4. Fullling Objective 3, a new strategy called Progressive Strati ed Sampling - PSS
was devised in Chapter 4, which aims to provide a way to sample segmentation
and multi-label datasets in a strati ed fashion. The strategies allow for substantial
acceleration in the training of networks while conserving their performance ranking.

5. In line with Objective 4 and partly Objective 5, the application of Neuroevolution
methods to threat identi cation problems is explored in Chapter 5.1. Through some
added heuristics, an automatic evolutionary multi-objective concealed weapon de-
tection (MEOW) is devised that can discover architectures better than the state-of-
the-art in a single GPU hour.

6. As aresult of pursuing Objective 5 and partly Objective 4, Multi-objective evolution-
ary coreset discovery technique is developed that allows for a fully-unsupervised
search of important samples in a dataset. The approach discussed in Chapter 5.1
(Section 5.2) presents a unique opportunity to discover a small subset of samples
from a dataset that a given model can train on and achieve similar performance to
the same model training on the whole dataset. With big datasets, this approach can
unveil some out-of-distribution or mislabelled samples and implicitly inform the user
of the "important patterns” in the dataset.

1.2.1 Publications

The following publications are a result of this work:

1. D.Dimanov, S. Rostami, C.Singleton and E. Balaguer-Ballester - "MONCAE: Multi-
Objective Neuroevolution for Convolutional Autoencoders”(Dimanov et al. 2021)
[Published in the ICLR 2021 workshop for AutoML which became a stand-alone
conference in 2022]

2. D.Dimanov, S. Rostami, C.Singleton and E. Balaguer-Ballester - 'RAMOSS - Resource-
Aware Multi-Objective neuroevolution for Semantic Segmentation” (Dimanov et al.
2022) [Published in UKCI 2022 conference] - Awarded Best Presentation in UKCI
2022

3. D.Dimanov, S. Rostami, C.Singleton and E. Balaguer-Ballester- "MEOW: - Auto-
matic Evolutionary Multi-Objective Concealed Weapon Detection”’[Published in Au-
toML 2023]

4. D.Dimanov, S. Rostami, C.Singleton and E. Balaguer-Ballester- "MIRA-ME: Muli-
objectlve coReset discovery through evolutionAry algorithMs in computEr vision”
[In preparation for ICML 2024]
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5. S.Rostami, A.Kleszcz, D. Dimanov, V. Katos "A Machine Learning Approach to
Dataset Imputation for Software Vulnerabilities” (Rostami et al. 2020)[Published in
MCSS 2020]

1.2.2 Others
1. Delivered a lecture for MSc students on Neuroevolution

2. Presented "MONCAE: Multi-Objective Neuroevolution for Convolutional Autoencoders”
at BU PGR conference 2021

3. Presented early results of "Neuroevolution applied for concealed weapon detection”
at BU PGR Sci-tech conference 2020

4. Presented a poster for "MIRA-ME: Muli-objectlve coReset discovery through evolu-
tionAry algorithMs in computEr vision” in the BU PGR conference 2022

1.3 Thesis structure

The rest of the thesis is comprised of ve themed chapters.

Chapter 2 progressively introduces some core concepts in deep learning, computer
vision and multi-objective optimisation. First, the inner workings of neural networks, con-
volutional neural networks, and autoencoders are discussed. Then, the chapter sets out
to establish the state-of-the-art as well as popular datasets in computer vision. Next,
multi-objective optimisation is explained with an emphasis on evolutionary algorithms,
Pareto-front of solutions and the hypervolume indicator. What follows is a bridge be-
tween all three topics discussed so far with the idea of AutoML in computer vision and
presents some state-of-the-art models in the eld while reviewing their main limitations,
such as the enormous computational requirements, lack of experiments on different prob-
lems and datasets, single-objective centrism and unfeasibility to be used for real-world
applications. One such area for application described lastly in the chapter is concealed
threat detection with a speci ¢ focus on X-ray imagery data.

Following the discovered research gaps in Chapter 2, Chapter 3 presents a novel
neuroevolution approach for discovering convolutional autoencoder architectures named
MONCAE. It starts with a motivation study highlighting the importance and potential appli-
cations of the discovered convolutional autoencoders from MONCAE. This study demon-
strates that autoencoders can be ne-tuned to perform supervised tasks more effectively
by leveraging the learned representations in their encoder layers after being trained in an
unsupervised manner. Then, the chapter presents the automated way of discovering con-
volutional autoencoders, which ef ciently achieves the best balance between bottleneck
compression and classi cation performance on several different datasets.
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Using the ndings and the methodology of MONCAE as an inspiration, Chapter 4
addresses some of the limitations of MONCAE (the lack of layer connections in the
genome encoding and incompatibility with segmentation problems) by introducing a novel
resource-aware multi-objective neuroevolution-based semantic segmentation approach
in the face of RAMOSS. RAMOSS is evaluated using a popular segmentation dataset-
Cityscapes- and complementary experiments with a prevalent classi cation task for bench-
marking AutoML methods (CIFAR-10). On both problems, the RAMOSS architectures
achieve the best balance between the number of parameters, performance and search
time. Together with RAMOSS, chapter 4 also proposes a new strati ed sampling method
compatible with multi-label and segmentation datasets. The strategy is aimed towards au-
tomated machine learning approaches and plays a vital role in the ef ciency of RAMOSS.

Chapter 5 seeks to assess the feasibility of using the presented approaches in Chap-
ter 3 and Chapter 4 for real-world concealed threat identi cation. In line with the rest
of this work, the chapter introduces some heuristic scores, which are then utilised to
speed up the approaches further. This improved version of the neural architecture search
methods is then employed to two concealed threat identi cation datasets (SIXray and a
proprietary dataset called "Residuals”) and beats all state-of-the-art approaches used for
comparison. The chapter continues by exploring the idea of porting the model-space
contributions (discussed in the previous chapter) and creating an evolutionary-based crit-
ical dataset discovery method named MIRA-ME. MIRA-ME has two different versions -
"naive” and fully "unsupervised’- both demonstrate promising results on standard com-
puter vision and domain-speci ¢ datasets.

The nal chapter (Chapter 6), re ects on the extent to which the objectives outlined in
the current chapter have been met through the research presented in this thesis, including
a discussion of the main ndings and contributions of the work, as well as the implications
of the results and recommendations for future research.



Chapter 2

Deep Computer Vision Meets
Neuroevolution

This chapter describes the main concepts, techniques and open problems discussed in
the thesis. It begins with a brief introduction to the eld of deep learning. Since the
problems addressed in this work are all in the remit of computer vision, an overall view
of the eld is presented next. As presaged by the Introduction, a core focus of this the-
sis is multi-objective optimisation. Hence, the chapter proceeds to discuss the eld in
conjunction with evolutionary computation. Finally, the niche topic of this thesis, auto-
mated machine learning (AutoML), is introduced, which presents a bridge between deep
learning and multi-objective optimisation.

2.1 Deep Learning

To contextualise deep learning , it is convenient to start more broadly by discussing ma-
chine learning , which dates back to at least 18" century (Bayes 1763). Mitchell (2006)
describes the eld of machine learning as the approach which attempts to answer an
essential question: "How can we build computer systems that automatically improve with
experience, and what are the fundamental laws that govern all learning processes?”.

It is a widely held view that the main characteristic of machine learning is that knowl-
edge is acquired from experience rather than being speci ed explicitly by humans (Mur-
phy 2012, Goodfellow et al. 2016b). Moreover, it provides a way of conducting automated
methods for data analysis (Murphy 2012).

As machine learning continues to evolve, it may be argued that the natural next step
is the adoption of AutoML (Stanley et al. 2019a). This approach to model generation and
optimisation allows for the further automation of the knowledge extraction process. By
leveraging experience-based algorithms, AutoML represents a logical progression in the
eld, moving us closer towards a fully autonomous approach to machine learning (He
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et al. 2021, Li et al. 2021).

Due to the enormous size of this research eld, only a small part of it, which is integral
for the complete understanding of this thesis, is reviewed. More information is provided
in Appendices B and B.4.1.

Neural Networks : Neural networks are biologically inspired representations of how
many scientists believe our brains work (Goodfellow et al. 2016b) and while it can be
argued that the eld is a multi-disciplinary symbiosis, the working principle of these
networks is mainly based on linear algebra (Cochocki and Unbehauen 1993), calculus
(Rashid 2016) and statistics (Weiss and Kulikowski 1991).

Feedforward neural networks are typically represented by composite functions, which
are arranged in a directed acyclic graph (DAG) and represent a chain of operations that
needs to be applied to the input (Goodfellow et al. 2016b). DAG is also what is used
as part of the decoding in all of the following core chapters. For example, Equation 2.1
illustrates a composite function g of ve nested functions (f ; through fs), where the input
is passed to f; (which is often referred to as the rst layer), then to f, (second layer), until
it reaches fs, which is also the last layer (Goodfellow et al. 2016b).

a(x) = fs(fa(fs(fa(f1(x)))) (2.1)

The depth of the network is determined by the number of layers, which also means
the number of functions in the chain from the example above (Goodfellow et al. 2016b). In
the provided example, f; would also be called the input layer, and fs would be the output
layer. All of the layers represented by f, to f4 are called hidden layers.

Convolutional Neural Networks : The unique properties of Convolutional Neural Net-
works (CNNs)and the fact that convolutional as well as pooling layers use kernels instead
of fully dense connections allows them to be especially good at learning representa-
tions with multiple levels of abstraction (Yang et al. 2017a) and effectively process high-
dimensional and complex data (Pereira et al. 2009).

Aside from traditional convolutional and pooling layers, CNNs can use other opera-
tions to complete data-speci ¢ operations, such as dilated convolutions (Hamaguchi et al.
2018), which have bene ted segmentation models.

In contrast, the upsampling layer aims to reverse the operation of the pooling layer
(Goodfellow et al. 2016a). Upsampling is usually done to restore the image's original
dimension, which is an integral part of convolutional autoencoders and segmentation
models (Ronneberger et al. 2015a). The upsampling layer uses a kernel similar to the
pooling layer, but instead of mapping to a lower-dimensional representation space, it
maps to a higher-dimensional one. There are two general ways to achieve this in a
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Figure 2.1: The process of upsampling with a transposed convolution with a 2x2 kernel
and a stride of 1.
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convolutional neural network. The rst one uses an upsampling layer, which scales up a
data representation using the nearest neighbour or bilinear upsampling.

The way representations are decompressed is through the use of a transposed con-
volution, the inverse operation of a strided convolution. Transposed convolutions came
to light as a means to upsample features using a kernel with weights (Zeiler and Fergus
2014). These are also termed 'deconvolutions' or 'fractionally strided convolutions'. Fig-
ure 2.1 presents an example of a transposed convolution. The gure depicts the iterative
process of the kernel (top left 2x2 grid) going over the input (the bottom 2x2 grid). Each
cell from the input is multiplied by the kernel at each step. Then, all produced feature
maps are added using a speci ed step size (stride). In the example, the stride is 1, so
each cell where there is overlap represents the sum of all produced overlapping cells.

More information and a detailed discussion of the inner workings of CNNs and their
operations can be found in Appendix B.

Autoencoders : One of the contributions of this thesis and the focus of Chapter 3
is the automatic discovery of convolutional autoencoders. Autoencoders are neural net-
works that have symmetric input and output layers and usually contain a bottleneck layer
(as illustrated in Figure 2.2) (Schmidhuber 2015). Usually, they are trained to minimise
the reconstruction loss, which is calculated based on the difference between the original
and the reconstructed (output) ones.

The general working principle of these networks is that they "are simple learning cir-
cuits which aim to transform inputs into outputs with the least possible amount of distor-
tion.” (Baldi 2012). The fact that this approach utilises the data in an unsupervised way
allows for various applications ranging from style transfer (Qian et al. 2019) and gener-
ative techniques (Dosovitskiy and Brox 2016) to semi-supervised learning (Akcay et al.
2018), data denoising (Gondara 2016) and image compression techniques (Charte et al.
2020) that utilise the intrinsic representation learning of these approaches and exploit it.

The simplest form of an autoencoder is a three-layered MLP with a single hidden layer,
which represents the encoding, and the difference between the output and the input is
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Figure 2.2: General structure of symmetrical convolutional autoencoder
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then calculated, which serves as a reconstruction loss (Sereno 2018). Usually, autoen-
coders are made up of two parts: the encoder, which is the subnetwork that condenses
the input to a small representation (chokepoint) and the decoder, which is the rest of the
network, which uses this representation to upscale and reproduce the input (Goodfellow
et al. 2016b). For sophisticated datasets, convolutional layers can substitute the simple
dense ones. These autoencoders are referred to as convolutional autoencoders (Azarang
et al. 2019). The difference with simple autoencoders is that they achieve compression
through convolutional and pooling layers instead of simply having fewer neurons. The
upsampling is achieved through deconvolutions (Baldi 2012) discussed above. Autoen-
coders are powerful representational learning models, but some aspects, such as their
explainability and required representational capacity, remain unsolved, as discussed in
Appendix C.

The state-of-the-art in autoencoders is composed of architectures designed by ex-
perts, which are optimised for the speci c scenarios required (Charte et al. 2020). Cur-
rently, given the increasing popularity of Automated machine learning(AutoML) (He et al.
2021, Real et al. 2019, Lu et al. 2019, Yan et al. 2020), approaches for automatically
designing and optimising autoencoder architectures are starting to appear(Charte et al.
2020), as will be further discussed in Chapter 3.

Model complexity : In Chapter 3,an operational measure of model complexity specif-
ically designed for deep convolutional models is de nied, given that

there is generally no established consensus on the way to quantify the complexity
of a deep architecture (Lorena et al. 2019). To estimate it works in the eld, use the
computational complexity (including the size of the model in terms of layers and parame-
ters) (Lorena et al. 2019, Real et al. 2018), representational complexity (Goodfellow et al.
2016b) or how fast an algorithm is at runtime (Lu et al. 2019). It is crucial to determine the
complexity of models not only because speci ¢ scenarios require rapid predictions (Mor-
ris et al. 2018, Miao et al. 2019), but also because the complexity of a model is proven to
be linked to the representational or classi cation capacity of a given model (Goodfellow
et al. 2016b)

A classic approach consists of exploring the geometrical complexity of a dataset by
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embedding it in a constructed measurement space, which in turn "can guide the static and
dynamic selection of classi ers for speci ¢ problems as well as subproblems formed by

con nement, projection, and transformations of the feature vectors” Ho and Basu (2002).
This approach raises awareness of the critical importance of exploring classi ers' de-
pendency on data and a way to devise a metric that measures data complexity. It also
reveals a signi cant gap in the literature: while good and accurate models are presented
each year, a small part of the papers, if any, focus on the actual reasons why the chosen
method was successful (Arrieta et al. 2020). This open problem is also one of the central
guestions in the rapidly growing eld of XAl (explainable Al), which has gained traction
over the last years (Dosilovi¢ et al. 2018, Gunning et al. 2019, Dimanov 2021).

Works like the Lottery-ticket hypothesis (Frankle and Carbin 2018) and Kazhdan et al.
(2020) present heuristics and methods to better understand the black-box nature of deep
learning models and as the author of Dimanov (2021) has put it: "To shine a light and
observe the black-boxes from the inside”. Thus, one of the central themes in the new
eld of XAl is an evolution of the efforts to estimate models' capacity and complexity and
the ndings of 20-year-old studies "that many classi cation tasks arising naturally from
real-life processes do contain learnable structures” (Ho and Basu 2002) are currently
reincarnated in XAl as "concepts” (Kazhdan et al. 2020).

2.2 Computer Vision

The idea to make computers able to perceive the world like the human eye has sparked in-
terest for decades (Huang 1996). Although the eld of computer vision is interdisciplinary
and encompasses a multitude of integrally different approaches, the term describes sys-
tems that are capable of achieving some high-level understanding of digital images or
videos (Huang 1996, Forsyth and Ponce 2002).

Computer vision is a branch of machine learning that deals with translating digital
input data (in the form of images and videos) into valuable information (Lawrence et al.
1997) (Dimanov and Rostami 2019). There are different types of computer vision prob-
lems (image classi cation (Khan et al. 2018) , object detection (Cyganek 2013) , seman-
tic segmentation (Long et al. 2015)) and numerous methods that address them (Szeliski
2011, Borkowski et al. 2019).

The eld is composed of two main parts. The rst one is feature engineering, which in-
cludes feature extraction, feature selection and various preprocessing techniques (Szeliski
2010). The second one depends on the exact problem at hand, but in essence, it consists
of using the discovered features to solve a particular problem. For instance, in image clas-
si cation, the discovered features are associated with a set of classes through classi er
models (Varano 2017).

At rst, the eld relied on hand-crafted features, including HAAR-like (Viola and Jones
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2004) and HOG (Dalal and Triggs 2005) ones. With the work of Krizhevsky et al. (2012),
this changed, and feature extraction together with feature classi cation was delegated to
CNNs (Lang et al. 1990, LeCun et al. 1998). This new revolutionary, yet old, idea could
work much better than its predecessor because of the vast increase in computational
power and available data in 2012 compared to the 1960s (Alom et al. 2018). Please
check Appendix D for more details.

Signi cant advancements : What follows is a short description of some of the central
related works used throughout this thesis. A more verbose and detailed version with
additional approaches can be found in Appendix E. All of the following discussed methods
use unique architectural and overall design decisions, which is encoded as part of the
design of the presented search space in the following chapters. One of the rst and
most popular architectures for computer vision to date is the VGG method Simonyan
and Zisserman (2014). The approach was initially designed for a xed size 224x224
RGB images, which are passed to a series of convolutional layers with only the smallest
possible receptive elds that can capture direction (3x3) (Simonyan and Zisserman 2014).
Then, some of the convolutional layers are followed by max-pooling layers with a 2x2
kernel and a stride of 2. The output is then attened and passed to two fully connected
layers; the rst has 4096 channels, and the last one has 1000 channels, representing
the 1000 classes of ImageNET. Multiple models exist based on the VGG architecture
based on the number of layers (Liu and Deng 2015). Some of the most popular ones
are VGG-16 and VGG-19. The idea of attening the features of the last convolution and
then putting auxiliary classi cation layers has how the classi cation version of RAMOSS
in chapters 4 and 5 work.

Between 2014 and 2016 InceptionNet (Szegedy et al. 2015a) and ResNet He et al.
(2015), which featured skip-connections that allowed for a better ow not only of infor-
mation during a forward pass but also proved to have a positive impact on the ow of
gradients during a backpropagation. Even though multiple variations exist of both base
architectures (Jin et al. 2016, Szegedy et al. 2016a 2017a), the main working principle
is that instead of following the previously standard sequential stack of layers, these ar-
chitectures skip and aggregate over multiple operations. Soon after, an architecture with
all layers interconnected called DenseNet was proposed Huang et al. (2017). Unlike
ResNet, DenseNet concatenated the residual feature maps instead of summing them.
One of the decision variables in the encoding in RAMOSS is exactly which operation to
use with skip connections, and the available choices stem from these architectures.

Focusing on segmentation, one of the most popular family of models is U-Net Ron-
neberger et al. (2015b). This group of architectures use two mirrored pathways for rst
"capturing context” and then expansion to facilitate precise localisation. It is based on
how autoencoders work, explained earlier, with the only difference being that layers in
the encoder have skip connections to the ones with the exact dimensions in the decoder.
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As computer vision encompasses so many different problems, approaches and tech-
niques, it is challenging to generalise all concepts as applicable to each problem. Yet,
an immense amount of transferable knowledge can be applied from one computer vision
problem to another (Torrey and Shavlik 2010). One concept that exploits this postulate is
the use of backbones , which are neural network architectures or parts of architectures,
which are taken and used as part of some larger pipeline (Ren et al. 2015). An example
of such an application is the use of ResNet (He et al. 2015) backbones in the construc-
tion of UNets (Huang et al. 2020) or the use of InceptionNet (Szegedy et al. 2015b) and
ResNet (He et al. 2015) as part of object detection, where they are only used to classify
the object in a region, which is separately discovered by a regression model (in the case
of R-CNN with such backbones) (Li et al. 2018) . More information about these models
and architectural designs can be found in Appendix E.

1 Over the last decade, deep learning has become a ourishing eld, capable of pro-
viding solutions to problems that were previously arduous or unforeseeable (Goodfellow
et al. 2016b, Li et al. 2023). Deep learning typically scales well with the abundance of
available data(Goodfellow et al. 2016b); however, there are scenarios where the data is
of overwhelming quantity and training an algorithm on the whole raw dataset becomes
infeasible (Miao et al. 2019).

In these cases, two approaches are usually undertaken. They are either based on
reducing the number of samples by selecting the most representative ones (Triguero et al.
2015, Jankowski and Grochowski 2004) or reducing the dimensionality of the dataset
(Charte et al. 2020), which is especially prevalent in elds like computer vision.

As CNNs have achieved exceptional results and have become the "golden standard”
for most computer vision problems (Shen et al. 2023, Wu et al. 2023, Simonyan and Zis-
serman 2014, He et al. 2015, Szegedy et al. 2015b) . CNNs offer a black-box solution
that addresses both feature engineering and the classi cation itself(Liu et al. 2023, Zhang
et al. 2023b) . In this setting, it is common to rely on the universal approximation theo-
rem (Hornik et al. 1989) to nd a model capable of reasonably capturing the input data
distribution conditioned to each class label. If that is not the case, the natural, heuristic
approach is to look for deeper models and intuitively experiment with hyperparameters
until satisfactory performance is achieved (Goodfellow et al. 2016b).

CNNs can successfully map complex and obscure input/output patterns (Deng et al.
2023b) allowing for new techniques such as attention mechanisms to emerge Vaswani
et al. (2017). Moreover, in contrast to earlier methods where features had to be manually
speci ed (ex., HAAR-like features), they automatically discover such optimal features
through their optimisers that sometimes carry extra semantic value Jha et al. (2023).

Even though CNNs are potent tools for computer vision problems (Aggarwal et al.

1VIVA change comment: Moved from MEOW:-related works with some updated references and added
new techniques
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2021), constructing them involves several critical design decisions that can signi cantly
affect the performance of the network (Real et al. 2017). These decisions include choos-
ing the right architecture for the network, determining the appropriate size and stride for
the convolutional Iters, and selecting the proper activation functions and pooling layers,
which all need to be optimised in order to achieve optimal results. Until recently, re-
searchers relied mainly on trial and error intuition to determine the best hyperparameters
and network architecture (Stanley et al. 2019a).

However, discovering the state-of-the-art itself often relies on approaches like brute-
force grid search or random search(Liashchynskyi and Liashchynskyi 2019, Nal¢cakan
and Ensari 2018, Liashchynskyi and Liashchynskyi 2019).

To address this, recently, there has been an increase in effective approaches for au-
tomated convolutional network design, such as evolutionary algorithms (Lu et al. 2019,
Miikkulainen et al. 2019, Real et al. 2019, Stanley et al. 2019a), reinforcement learning
(Qin and Wang 2019, Tan and Le 2019b) and other automated approaches (He et al.
2021). These methods have been able to match and sometimes surpass manually de-
signed architectures by domain experts and are discussed in further detail in Section 2.4
and then utilised in Chapters 5.1, 4 and 5.

Reducing the computational complexity of these algorithms is a signi cant research
challenge (Zhou et al. 2020). A promising approach is to leverage dimensionality re-
duction techniques to simplify the underlying data and enable more ef cient processing.
Interestingly, Charte et al. (2020) discovered that "choosing a curated set of attributes, or
building a new one from the original features, tends to produce better results than using
raw variables”. Standard statistical choices for dimensionality reduction in the literature
include Principal Components Analysis (PCA), Linear Discriminant Analysis (LDA) and
Factor Analysis. However, more advanced work explores the possibility that the distribu-
tion of variables in the original dataset lies in lower-dimensional space (also known as a
manifold (Talwalkar et al. 2008)). Manifold learning is used to compress the raw data (us-
ing non-linear transformations) to its lower-dimensional representations that essentially
contain all the necessary information to complete the task at hand successfully (Charte
et al. 2020). This concept has served as key motivation behind Chapter 5.1 and the
MIRA-ME technique described in Chapter 5.2. These new techniques of manifold learn-
ing have motivated recently reemerging vector databases (Girdhar et al. 2023), which
in combination with embedding models (Barkan et al. 2020) offer a unique new way of
accessing and searching for dataset-level operations (Rodriguez et al. 2023). This allows
users to quickly nd similar items in a database or develop context-speci ¢ queries that
are key for managing machine learning datasets at scale (Babenko and Lempitsky 2016,
Deng et al. 2023a).

Typical problems : Having discussed "how” different techniques work, now some of
the core problems in computer vision are introduced. Image classi cation is one of the
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most mature and fundamental computer vision problems (Nath et al. 2014). It is usually
associated with a problem where a single image should be classi ed to belong to one
of two (binary classi cation (Parkhi et al. 2012) ), one of many (multiclass classi cation

(LeCun et al. 1999) ) or multiple different (multilabel classi cation (Miao et al. 2019) ).
Each speci ¢ dataset is introduced as part of the experimental setup of the rst chapter

it is utilised in.

In difference to pure image classi cation, where one image is just associated with a
label, the object localisation task takes this one step further by requiring the system
to provide information not only by a single label but rather give context as to where the
actual entity is positioned (Tompson et al. 2015). In contrast to object detection, however,
object localisation is just concerned with nding one particular entity, thus is more similar
to image classi cation with some auxiliary regression over four parameters which de ne
a single bounding box (Harzallah et al. 2009).

In contrast to image classi cation, where each image is given a label, in semantic
segmentation problems, each pixel of the image has its own label (He et al. 2017). Con-
trary to object detection, where there are multiple de ned regions and bounding boxes
which can dynamically (Ren et al. 2015) or statically (Redmon et al. 2016) determine
whether there is an object in a particular region or object localisation which builds upon
image classi cation with the addition of localising one particular object (Haralick and
Shapiro 1985) , semantic segmentation takes this further.

Tasks are based on image masks that give a separate label to each input image pixel.
In this particular problem, metrics such as accuracy are not widely used since they are not
highly informative (Fenster and Chiu 2006) . Since background classes usually occupy
most of the image and other classes are imbalanced, some of the used metrics for this
type of problem are intersection over union (Shaban et al. 2017, Liu et al. 2019a) and
dice score (Bertels et al. 2019).

Effective semantic segmentation is fundamental for capturing the main characteristics
of the scene (Paszke et al. 2016, Chen et al. 2014). For instance, in medical and security
domains, semantic segmentation is a crucial part of multiple critical systems, including di-
agnosis (Taghanaki et al. 2021), health monitoring (Yang et al. 2017b), ensuring people's
safety (An et al. 2019) and many others (Alonso et al. 2020, Sagar and Soundrapandiyan
2020). However, the vast majority of the state-of-the-art algorithms and approaches for
semantic segmentation are still typically designed manually (He et al. 2021) and require
profuse domain expertise to be constructed (Liu et al. 2010, Singaravel et al. 2020);
which is expensive both in terms of computational and human resources (Siam et al.
2018, Cordts et al. 2015, Geiger et al. 2013).

A popular approach to tackle semantic segmentation problems is to use architectures
of the so-called UNet type (Ronneberger et al. 2015a), which have a similar structure
to an autoencoder but incorporate extra skip connections from the downsampling stage
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to the upsampling one (Zhang et al. 2017a). UNet architectures are constructed man-
ually following a specic set of rules that can be potentially automated through Neural
Architecture Search (Ronneberger et al. 2015a) discussed later in this chapter.

Anomaly Detection and Imbalance : Another signi cant aspect of computer vision is
anomaly detection, which deals with the "detection of deviation and divergence of anoma-
lous samples from the normal ones” Minhas and Zelek (2019). It is concerned with
recognising patterns of data(called anomalies), which appear to be out of the ordinary
distribution (Chandola et al. 2009). Recognising these anomalies is crucial for various
problems from a multitude of domains, including threat detection 2 (Minhas and Zelek
2019).

Identifying anomalies can be especially hard in scenarios where the natural distribu-
tion of data involves high variance since most anomalies can be well concealed to look
like natural outliers of the original distribution (Mery 2015). There exist anomaly detection
algorithms that use supervised, semi-supervised and unsupervised learning, where the
ability of unsupervised learning techniques is believed to be limited for analysing images
(Minhas and Zelek 2019).

There are two major challenges when using supervised learning for anomaly detec-
tion: the lack of labelled data and low anomaly instances compared to the benign ones
(Minhas and Zelek 2019).In the "data space”, a popular way to deal with massive data im-
balance, if possible, is to over-sampling the data in favour of the misrepresented class or
classes using approaches such as SMOTE (Chawla et al. 2002), MWMOTE (Barua et al.
2012) or many others. As a result, new data points are generated, which follow the distri-
bution of the presented dataset. With imagery data, oversampling is usually done using
data augmentation (Taqi et al. 2018). More recently, generative Al such as MidJourney
and DALLE provide even more creative and novel ways of upsampling data (Seneviratne
et al. 2022, Bandi et al. 2023)

Another option is to undersample the benign examples, such that the distribution of
anomalies is similar to that of benign ones (Anand et al. 2010). Researchers have re-
cently addressed these questions with the idea of a critical dataset, which is the minimum
number of samples needed for a model to capture the underlying distribution of data gen-
eration (Goodfellow et al. 2016b) using coreset discovery which is what is also employed
in MIRA-ME (Chapter 5 (Har-Peled and Mazumdar 2004, Guo et al. 2022).

In the "model space”, numerous techniques also exist to address limited data avail-
ability and data imbalance (Miao et al. 2019, Minhas and Zelek 2019). The model can be
ne-tuned to the dataset at hand using transfer learning with an already trained model for
a different dataset (Vercruyssen et al. 2017). A dataset often used for transfer learning
is ImageNet (Appendix G) since it is one of the most extensive image datasets available
(Deng et al. 2009, Torrey and Shavlik 2010). Transfer learning allows the model to begin

2https://deeper-scan.com (Accessed on 12.05.2020)
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training at a potentially good starting point while training on the new data points to reach
the global optimum more ef ciently and effectively.

Another technique used to combat class imbalance is adjusting the biases of the
output neurons for some of the classes (Givnan et al. 2022) or using weights in the loss
functions to steer the model in giving underrepresented classes more attention (Zhu et al.
2018) as well as using loss functions like the Focal loss (Lin et al. 2017b), which are
speci cally designed to be as invariant as possible to class imbalance. For instance,
adding weights to categorical cross-entropy loss for n classes can be done by changing
the conventional categorical cross-entropy:

_x T )
L=+ (i) log(®): (2.2)
i=1

to include a weight term  for the n different classes:

1 X
n

L= ( y))" log®); (2.3)

i=1
where yi is a ¢ 1 target vector containing a one for the ¢; entry corresponding to the
class of the i™ input image, and zero otherwise (thatis, y; I, where |, is the indicator
function), ¥ is the output of the network (a ¢ 1 vector of probabilities for the it input
pattern to belong to each class), isthec 1 vector of class weights correcting the class
imbalance, and is the Hadamard (element-wise) product.

Semi-supervised approaches for this problem usually attempt to estimate the under-
lying distribution and density function (Akcay et al. 2018). For example, Generative Ad-
versarial Networks (GANs) minimise the difference between the images from the dataset
and their generated reconstructed counterparts. This way, a larger distance from this
learned data distribution at inference time "is indicative of an outlier from that distribution”
(Akcay et al. 2018), which is an anomaly. This concept is utilised during the design of the
unsupervised pipeline of the data selection approach shown in Chapter 5.

2.3 Multi-Objective Optimisation

Multi-objective optimisation refers to the process of optimisation of a system to solve
a problem constituting two or more objectives, which is often the case with real-world
problems (Deb 2001a)(Deb 2014). In the domain of computer vision and especially the
one of defence, this is of immense importance since every single objective might be
mission-critical and needs to be considered when an optimal solution is proposed and
deployed (Lee et al. 2019).

In single-objective problems, there is usually a single metric of the performance of a
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solution (Deb and Tiwari 2008). This metric is often called the ” thess score” of a solution.
In the case of problems with two or more objectives, a single-objective optimisation is
inappropriate since a proxy of all would be required to represent the complexity of the
problem.

On top of that, the objectives might be con icting; thus, optimising for one may also
mean compromising the other. This problem would require a solution that weights them in
some way while ensuring the approach is not susceptible to getting stuck in local optima
(Hwang and Masud 2012, Deb 2014).

Addressing this caveat requires the conversion of the solution to be an approximation
set which consists of multiple candidate solutions with different combinations of objec-
tive values, instead of a single solution (Rostami 2014, Dimanov 2019). The quality of
this approximation set is generally determined using the following three characteristics:
proximity, diversity and pertinence (as displayed in Figure 2.3) (Rostami and Neri 2016).

Figure 2.3: The main characteristics of an approximation set, the dominated objective
space and the Pareto front can be observed. The Pareto front in the image is represented
by the line drawn between the solutions (black and green dots)

Pareto optimality : These properties are used to describe Pareto optimality, which is
a term that describes the front (collection) of non-dominated solutions in a multi-objective
space that depicts the trade-off of objectives (Censor 1977).

The concept of Pareto optimality originated in the domain of economics as a way
to achieve a balance between maximisation of societal ophelimity and exhaustion (Luc
2008). It soon became applicable to many other use cases, including multi-objective
optimisation (Ngatchou et al. 2005).

In multi-objective optimisation, Pareto optimality denotes the optimal trade-off of so-
lutions considering multiple different (and often con icting) objectives (Ngatchou et al.
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2005). The solutions on the Pareto front are all non-dominated in the objective space.

Numerous summative measures have been used to describe the performance of a
frontier of solutions compared to a known set of optimal solutions (the Pareto front) (San-
dler and Smith 1982). These metrics measure the distance from the known Pareto front
using metrics that re ect the three attributes of an attribution set (described at the begin-
ning of sub-chapter 2.3).

A solution lies in the dominated space if at least one other solution fully dominates
it. The other(dominant) solution has better values for all observed objectives. Thus,
since the dominant one is better across all objectives, the dominated solution is usually
discarded.

All non-dominated solutions form a front which is called the Pareto optimal front. It
represents the most optimal approximation set for the given objectives (Censor 1977).
Many algorithms and methods use an estimation of the Pareto optimal front to guide the
process of optimisation, but this approach can often be deceitful since it is not usually
possible to know what this front is beforehand. Thus, approximations can be inaccurate.

Characteristics of the Pareto front : Moreover, if the Pareto optimal front is known
before the optimisation begins, the process may become super uous since the process of
optimisation is attempting to discover an entity, which may be already de ned (Zapotecas-
Mart'nez et al. 2018).

The rst of the three characteristics in Figure 2.3 is called proximity . It serves as a
proxy of how close the solution is to the Pareto front. The second one - diversity -is used
to evaluate the distribution of solutions across the approximation set, which in Figure 2.3
illustrates as the distance between each solution (Woolley and Stanley 2014).

The last characteristic allows the decision-makers to specify a preference vector ,
which de nes a region of interest. In this way, the decision-makers can directly impact the
outcome of the process and in uence it to look for solutions within the region of interest.
This characteristic is called pertinence, and it is represented by the green shaded area in
Figure 2.3 (Rostami and Neri 2016).

All three characteristics of an approximation set are designed to aid the decision-
making process and make it easier for decision-makers to select a solution or group of
solutions based on their requirements.

That is why multi-objective optimisation, in difference to single-objective optimisation,
explores the optimal set of solutions and accounts for the intrinsic trade-off of different
objectives, which in turn allows for a much more diverse and optimal set of solutions and
provides a collection of solutions from which the decision-maker or client can choose a
speci ¢ solution based on its objective values (Rostami and Shen eld 2012).
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Figure 2.4: The process followed by most evolutionary algorithms with the major steps
presented and an example of breaking steps into sub-steps is presented for Variation .
Splitting variation into Crossover and Mutation is usually done for a subset of evolutionary
algorithms called Genetic algorithms.

2.3.1 Evolutionary Computation

Next, let's turn to evolutionary computation, which is a collective term used to address
a collection of biologically inspired optimisation algorithms, which often, to some extent,
depict the process of evolution (Coello et al. 2007). More precisely, evolutionary computa-
tion draws inspiration from modern genetics and natural selection (Deb 2001b) (Dimanov
2019) in an attempt to discover a population of individual solutions (approximation set),
which would be positioned as closely as possible to the global optima and ideally should
lie on the Pareto front of optimal solutions (Ishibuchi et al. 2016).

The algorithms usually have ve general steps to achieve this ambitious task, which
can be subdivided into more detailed ones (Kachitvichyanukul 2012). The basic working
principle of these algorithms is that they start with a population of random solutions.
Then, through variation and selection, the solutions improve over time from generation to
generation until a termination criterion is met (Kachitvichyanukul 2012).

Each step is detailed in the following sections, which cover the process more in-depth,
as depicted in Figure.2.4.

Initialisation : In this step, a population of solutions is initialised, which usually in-
volves constructing a random population of individuals, which have random values for
each property from the search(often called "decision”) space (Coello et al. 2007). The
search space encompasses all possible values for all variables.
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Evaluation : After the population of individuals has been initialised, it is evaluated
to see how the different solutions perform for the given problem. During this step, the
genome is transformed to its phenotype (Deb et al. 2002a), and then each individual (the
set of decision variables) is taken and used as an input to some sort of objective function,
which in case the problem is single-objective is often called the ” tness” function. After
this is done, in most cases, a single value would be produced, which would be that
individual's tness score (objective score) for the problem (Liu et al. 2019b).

In the case of multi-objective problems, there will be more than one objective score,
which can either be summarised into a single value or optimised simultaneously (Deb
2001b, Coello et al. 2007).

Termination : A termination criterion is prede ned, which may be a maximum num-
ber of iterations (generations), the time elapsed, the maximum number of evaluations
(objective functions executed) or simply a desired objective score (Safe et al. 2004).

Selection : Then, the selection step takes the evaluated individuals and chooses
which ones should continue and which should be discarded.

In this step, prevalent approaches include tournament selection (Blickle and Thiele
1996) , elitism (Yang 2007) , ranked selection (Blickle and Thiele 1996) and many more.

This step draws inspiration from the process of natural selection and survival of the
ttest in nature (Fogel 2000). Choosing the proper selection can enormously impact the
overall algorithm's performance (Nayyar et al. 2018). This step is heavily reliant on the
chosen objective or objectives, and it also depends on the mechanism to treat these
objectives. There are two stages of selection since the parents that continue the cycle
are picked, but sometimes survivor selection also needs to be conducted (Nayyar et al.
2018).

Variation : Although selection is an essential step of the evolutionary process, ar-
guably the quintessential one for evolutionary computation is variation. The variation
process differs from one family of evolutionary algorithms to another, but there are two
main sub-operators of achieving variation.

The rst one is called crossover . It is often seen in genetic algorithms since it aims
to simulate biological reproduction. It features the combination of genomes (chosen can-
didates from the selection) in various ways, including one, two or k-point crossover, which
means that the genome (genotype representation of the candidate) is split into one, two
or k-points.

Then, the offspring (new individuals produced as part of the updated population) are
created by recombining these pieces from different parent candidates. There are differ-
ent types of crossover. K-point crossover is just one way of achieving recombination.
It can also happen through uniform crossover (performed to sample genes and chromo-
somes from both genomes uniformly), , Edge Recombination Crossover (Deb et al. 2007)
, Differential evolution crossover (Pampara et al. 2006) and many more.
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In general, there exist two main approaches. These are:

1. Using just mutation, which means introducing random changes to the individual's
genome (the set of all decision variables for the particular individual) (De Falco et al.
2002).

2. Using mutation in combination with crossover (or recombination), which is usually
done in genetic algorithms, which aim to depict how genetics work more closely
(Stanley et al. 2019a).

2.3.2 Evolutionary Multi-Objective Optimisation

Evolutionary algorithms, by design, use a scalar value which determines the tness
score of an individual solution (Barbiero et al. 2019). To facilitate multi-objective op-
timisation in the context of evolutionary algorithms, the problem is usually stated as
maximiseF (x) = (f1(X); :::;fn(x))T where x is the vector of decision variables making
up a proposed solution (Zhang and Li 2007).

So, a wrapped objective function is constructed, which uses the different scores for all
objectives and aggregates them into a single number. Since usually there is no point in
the decision space which maximises all objectives simultaneously, the best solutions can
be de ned by their Pareto optimality (Zhang and Li 2007).

The approach of Zhang and Li (2007) uses decomposition and optimises each ob-
jective separately by de ning each problem as a subproblem and then using information
about neighbouring subproblems during their separate optimisation. The crucial part
of this approach is that the population consists of historically the best candidates x for
each distinct objective, whereas the non-dominated solutions are stored separately (in
an archive-like structure), termed external population (EP).

On the other hand, NSGA-II (Deb et al. 2002a) Iters similarly ranked solutions based
on crowding distance. The crowding distance for each non-dominated solution is cal-
culated based on prede ned objective criteria reference points, similar to computing the
CHV.

2.4 Automated Machine Learning

As pointed out by Yao et al. (2018), the pivotal book for machine learning of Mitchell et al.
(1997) starts with: "Ever since computers were invented, we have wondered whether
they might be made to learn. If we could understand how to program them to learn - to
improve automatically with experience - the impact would be dramatic”.

Automated machine learning(AutoML ) is a eld of machine learning which aims to
decide on machine learning models "in a data-driven, objective, and an automated way”
(Hutter et al. 2019a).
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With the increase in available computation (Moore et al. 1965), researchers started
exploring the idea of automating the optimisation process of CNNs. Hence, the latest ad-
vancements in the state-of-the-art in computer vision are a product of automated machine
learning (AutoML) (Real et al. 2017, Tan and Le 2019a, Tanaka et al. 2020).

In the domain of neural computation, AutoML is a process of discovering the correct
hyperparameters(e.g. layers, number of neurons per layer, order of layers, types of layers)
and parameters (weights and biases) of a neural network (Hutter et al. 2019b).

2.4.1 Neural architecture Search

Even though the use of machine learning has grown drastically in the last decade, the
need for experts and computational resources to design, evaluate and train these ma-
chine learning models has also risen dramatically, which "hinders the development of
deep learning in both industry and academia” (He et al. 2021).

The rise in popularity of AutoML is a natural response to address the high demand for
expertise and computational resources for deep learning in industry and academia (He
et al. 2021, Stanley et al. 2019a). The automation involves not only the NN training but
also the design of architectures, which is known as Neural Architecture Search  (NAS)
(Stanley et al. 2019a, Elsken et al. 2018b). Many different types of algorithms are used
for neural architecture search, but the two most popular ones are reinforcement learning
and neuroevolution (Stanley et al. 2019a).

Multiple different algorithms and approaches have been proposed to do just that. The
rst signi cant one is the work of Zoph and Le (2016) . Soon after, various reinforcement
learning (Qin and Wang 2019, Tan and Le 2019b) , Neuroevolution ones (Lu et al. 2019,
Miikkulainen et al. 2019, Real et al. 2019, Stanley et al. 2019a) and other approaches
started to emerge.

While most NAS approaches treat neural network optimisation as a black-box pro-
cess, DARTS uses gradient descent optimisation over a continuous search space of ar-
chitectures. They aim to nd complex building blocks with intricate graph topologies that
are not restricted to any family of blocks (Liu et al. 2018). To do so, the authors represent
the connectivity of the different layers using a directed acyclic graph, which has inspired
the encoding design in Chapter 4.

One of the more signi cant breakthroughs in the eld was in 2017 when Real et al.
(2017) reached state-of-the-art performance on a widespread computer vision problem
and outperformed domain expert-designed models. To do this, the authors used a simpli-
ed graph to represent architectures during encoding, meaning mutation could be used
on each node separately and could happen more than once. However, with this break-
through, some standard NAS caveats became even more apparent. Mainly the compu-
tational hunger of these algorithms.
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Finding an architecture is an essential step in both research and development when a
researcher or practitioner attempts to tackle a novel problem (Perez et al. 2019) . A severe
limitation for both industry and research is the 3150 GPU days requirement of AmoebaNet
(Real et al. 2017 2019) and the 9000 GPU days one of NASNet (Qin and Wang 2019).
Furthermore, these massively computational hungry algorithms are aimed at performing
NAS on a relatively low-dimensional dataset known as CIFAR-10 (discussed and used in
Chapter 3.

Moreover, the main computational power of the algorithm is not even used for search-
ing for the architecture, but rather it is soaked up by the expensive evaluation process,
which includes training the architecture to a good standard before being able to score it
(Real et al. 2018).

This problem has spawned an entirely new NAS sub- eld dedicated to developing
proxy scores that can potentially allow such algorithms to run exponentially faster (Ab-
delfattah et al. 2021) and evaluate an architecture by requiring only one batch evaluation
(Abdelfattah et al. 2021, Mellor et al. 2021) or in some cases, the proxies can be data
agnostic and not need the architecture to see the data it will be trained with (Tanaka et al.
2020). These scores are discussed in more detail in Section 2.4.3.

2.4.2 Neuroevolution

Neuroevolution is a type of AutoML approach (dating back to the 20" century), which
relies on evolutionary optimisation to optimise neural networks (Lehman and Miikkulainen
2013). Neuroevolution algorithms are a speci c type of evolutionary algorithms which aim
to optimise neural networks in some way (Stanley et al. 2019a) . Some Neuroevolution
approaches focus more on neural architecture search ( nding an optimal neural network
architecture) (Real et al. 2017) while others attempt to optimise the weights (Jenkins
2006, Lehman and Miikkulainen 2013) or hyperparameters of the network (Real et al.
2018).

At rst, researchers were looking at optimising weights and other parameters of neural
networks. However, with the increase of available computational resources, research
started focusing on looking for hyperparameters and neural architectures (Floreano et al.
2008). Soon Stanley et al. (2009) came out. It allowed researchers to consider even
bigger neural networks and to explore the use of neuroevolution in computer vision as well
(Real et al. 2017) . In 2018 Real et al. (2017) was published. It showed the potential of
neuroevolution to optimise large CNNs. Even though it used the evolutionary approach to
optimise a vast number of hyperparameters, the parameters themselves (the weights and
biases) were still using a conventional gradient-based approach, which made AmoebaNet
(Real et al. 2018) unfeasible to train in a normal research setting, since for grayscaled
CIFAR-10 it took 3150 GPU days to discover the best architecture. Some other examples
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have attempted to apply neuroevolution in the context of computer vision, like Genetic
CNN (Xie and Yuille 2017).To the best of the author's knowledge, very few, if any, have
attempted to optimise both hyperparameters and parameters only through the means of
neuroevolution before ne-tuning.

A signi cant breakthrough in the eld occurred in 2017, when Real et al. (2019)'s
AmoebaNET reached state-of-the-art performance, outperforming architectures designed
by experts. The AmoebaNet is a Neuroevolution algorithm (Real et al. 2019). In such ap-
proaches, decoding the NN (the individual in an evolutionary algorithm context) is added
as an extra step before the evaluation, whilst encoding the individual back to genotype is
added after the evaluation (Stanley et al. 2019a). For its encoding, the authors use an
encoding similar to the one of DARTS (Liu et al. 2018).

The process of neuroevolution only differs from the usual evolutionary approach dis-
cussed in 2.3.1 by the addition of encoding and decoding as depicted in Figure 2.5.
In reality, the initialisation, variation and evaluation also have differences (Stanley et al.
2019a). They serve the same purpose as the steps in the standard evolutionary algo-
rithms, which makes possible the use of a neuroevolution algorithm using a library or set
of tools designed for typical evolutionary algorithms.

Recently, indirect encodings (Hadjiivanov and Blair 2016) (closely inspired by how
DNA works (Miikkulainen et al. 2019)) have shown promising results. Neuroevolution
has been successfully used for autoencoder optimisation in a range of studies (Charte
et al. 2020, Sereno 2018, Alvernaz and Togelius 2017); however, a limitation of these
approaches is that they typically focus on evolving a NN with dense activation layers
(e.g., in Charte et al. (2020)'s EVOAAA) instead of convolutional and pooling layers, which
have shown great potential for computer vision (Gu et al. 2018).

Next, some key concepts for neuroevolution are discussed. The subsection concludes
with a brief explanation of how everything ties together.

Neuroevolution, similar to other evolutionary algorithms, needs a search space to be
de ned, which is the decision space which the algorithm will transverse in an attempt to
nd the best decision variables (Elsken et al. 2018b) . This search space is de ned by
the set of possible values for each decision variable, and it can grow to exorbitant size
(Elsken et al. 2018b) . If architectures need to be discovered, some constraints have
to be put to limit the search space because of its vast dimensions. Also, the available
computational resources to compile the genome of the actual neural network (Liu et al.
2018) . Usually, this is done through the incorporation of a maximum number of layers, a
prede ned number of cells (which have a prede ned maximum number of layers inside
them (Tan et al. 2019, Real et al. 2018) ) or other measures.

The initialisation step in neuroevolution is another possible caveat of the approach.
As discussed in Pretorius et al. (2018), Sun et al. (2019) neural network initialisation can
greatly impact the performance of the neural network even after it converges (Goodfellow
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Figure 2.5: A high-level view of the neuroevolution process.

et al. 2016b) . What is more, several strategies are common when attempting initialisa-
tion for neural architecture search, which include starting with fundamental structures and
then building to more complex ones (Sun et al. 2019) or splitting the process of optimi-
sation of the architecture into two stages (which is one of the most common approaches
Stanley et al. (2019a) ) and having micro and macro searches.

Micro search denotes the process of looking for the best neural architecture cell,
which includes looking for the best types of layers, how many nodes are in a layer, con-
nections between layers and much more (Lu et al. 2019) . Macro search , on the other
hand, attempts to optimise the whole network while searching for the right layers and
connections simultaneously (Zoph and Le 2016). (Lu et al. 2019).

There exists a hybrid search (sometimes referred to as block search and other times
just labelled as macro search also) which uses prede ned blocks, usually discovered
by micro search and arranged them in order to (Real et al. 2017) nd the best optimal
architecture based on stacked cells ( nite in this case) (Lu et al. 2019).

The motivation behind this approach is based on most state-of-the-art human-designed
approaches which use a similar methodology. For example, looking at Resnet (He et al.
2015) , InceptionNet (Szegedy et al. 2015b) , VGG (Simonyan and Zisserman 2014) and
other popular architectures and their families of algorithms, what can be seen is that there
is some cell (as explored in more detail in 2.2), and then it is just stacked x amount of
times. For example, ResNet 18 has 18 ResNet blocks/cells, and ResNet 34 is the same,
except it has 34 ResNet blocks/cells.

In the case of using macro and micro architecture searches, there are two separate
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pipelines that require separate initialisations.

Encoding and decoding are required to use suitable genetic representations during
variation, initialisation and selection (Floreano et al. 2008). These representations should
allow the genetics operations to easily change single or multiple decision variables with-
out breaking the phenotype.

There are multiple different approaches to encoding and decoding, and in general,
the decision variables (that the genome is composed of) can be directly (Floreano et al.
2008) or indirectly (Hadjiivanov and Blair 2016) encoded. Recently, indirect encodings
have shown promising results, and they are modelled after our understanding of how
DNA works (Miikkulainen et al. 2019).

In direct encoding , the neural network parameters/hyperparameters are represented
by a single decision variable in a one-to-one mapping fashion (Floreano et al. 2008). For
example, if neuroevolution is only used for optimising weights and biases of a xed archi-
tecture, then the concatenation of all parameters would represent the genome (Floreano
et al. 2008).

A popular approach for direct encoding is to use bit-encoding, which means encoding
all variables as a sequence of bits and then variation through bit- ipping (Back et al. 1997)
to conduct the optimisation. Several approaches have attempted adaptive encoding mo-
tivated by the vast search spaces available and the prerequisite of knowing all possible
decision variable values before the process begins.

The work of Schraudolph and Belew (1992) suggests using binary encoding to en-
code the crucial bits of the weights and, after they converge to reuse the same bits for
correcting and encoding the less critical parameters, thus implicitly staging the training
process. Motivated by this idea, RAMOSS (Chapter 4) aims to make encoded connec-
tions compatible with bit operations.

Evidence of the success of direct encoding is the NEAT algorithm (Stanley and Miikku-
lainen 2002a), which has been employed for classi cation tasks, reinforcement learning
problems, game development and many other scenarios.

While direct encoding has been widely utilised, more complex representations were
needed to depict complex architectures since, in literature, it is argued that direct encod-
ing has some drawbacks when applied for neuroevolution in larger networks (Floreano
et al. 2008).

At rst, indirect encoding Kitano (1990) showed superior performance over compet-
itive direct representations, but it was later discovered that the causality of the different
performance had much more to do with the initialisation than the representations them-
selves (Siddigi and Lucas 1998).

Some of the other approaches in indirect encoding include cellular encoding (Gruau
1994a), adaptive growth through differential equations (Husbands et al. 1994) and many
others. The recent advancements in the eld have been focused on representing genetic
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processes and constructing digital DNA of the ANN through the encoding, which has
been attempted using gene regulatory networks (Kumar and Bentley 2003), analogue
genetic encoding (Mattiussi et al. 2008) and a popular one called connective composi-
tional pattern-producing networks (Stanley et al. 2009).

Evaluation : After the decoding is complete and the neural network is constructed,
follows the evaluation phase. Evaluation not only in the case of neuroevolution but also for
any evolutionary computation relies heavily on de ning the objective function or functions.
This objective function or functions (in the case of multi-objective problems) are used to
determine the performance of any individual(solution).

They map an individual's representation in the decision space to its position in the
objective space. There are different approaches as to how evaluations should be done
in a neuroevolution algorithm (Stanley et al. 2019a). One approach is to run the whole
network together with the weights as parameters of the evolutionary algorithm. This
way, the algorithm handles the training, neural architecture search and hyperparameter
optimisation (Miikkulainen et al. 2019).

However, by far the most popular approach is to train the constructed network for e
amount of epochs on the training set (Real et al. 2018, Lu et al. 2019) and then evaluate
it using the evaluation set.

This process produces a metric or metrics that can serve as objective scores, deter-
mining how good the particular genome is (Lu et al. 2019). Some works train for some
prede ned number of epochs (Davison 2017) , others that spend a particular time on the
training or, in rare cases, wait until the architecture converges (Real et al. 2019, Zoph and
Le 2016).

Here, all hyperparameters of the network come into play during the training. Usually,
the loss or the accuracy serves as the objective or one of the objectives of the algorithm
(Aly et al. 2019), which is also the most expensive (in terms of computational resources)
step during the whole process (Real et al. 2019) and hence, there exist multiple different
methods to speed it up (Elsken et al. 2018b, Mellor et al. 2021) .

These methods range from using deep learning tricks like pruning the architecture
(Siebel et al. 2009) to reduce the number of parameters, using early stopping (Assungao
et al. 2019) to avoid spending too much time on unpromising architecture (Aly et al.
2019) or, in some cases, using a proxy score (discussed below) to determine how good
it is (Mellor et al. 2021).

After all individuals are evaluated based on their objective values, the selection phase
takes place. The purpose of selection is to exploit the search space. During this stage, a
portion of the evaluated individuals is selected to continue to the next generation (Stanley
et al. 2019b, Goldberg and Deb 1991).

Following the selection of the successors, variation is applied. The purpose of this
step is to explore the search space, and it does so by using mainly two operations (Fogel
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2000) , namely: crossover (Jansen et al. 2002) and mutation (Koenig 2002). Variation in
neuroevolution is slightly more complex than the one in hormal evolutionary algorithms.
In this case, the chromosome is an encoded neural network, and there are certain con-
straints to consider when doing crossover and mutation Stanley et al. (2019a).

However, neuroevolution also has several profound drawbacks , which make it either
unfeasible or simply impractical for speci c problems (Eaton 2015). It does not scale well
to high-dimensional representations (such as raw images) (Alvernaz and Togelius 2017).

Evolutionary algorithms by nature are computationally intensive even for small and
relatively simple problems (Zhou et al. 2020) . They usually utilise the parallelism of
tasks, which makes them substantially faster (Miikkulainen et al. 2019) . One problem
with neuroevolution, in particular, is that because the evaluation phase resorts to train-
ing neural networks, which also rely on large parallelisation of tasks, the evaluation of
different individuals needs to happen in an element-wise fashion. The algorithms exploit
multiple powerful GPUs and distribute the training of the models to them to make it fea-
sible while making neuroevolution extremely time and computationally-consuming (Real
et al. 2018).

Most NAS approaches focus on image classi cation - for instance, the AmoebaNet
family (Real et al. 2017 2018), NASNET (Zoph et al. 2018), LEMONADE (Elsken et al.
2018a) and many others (Real et al. 2017, Lu et al. 2019, Galvan and Mooney 2021)-
but only a small percentage of them were indeed used for real-world applications (Galvan
and Mooney 2021). This is mainly due to the enormous computational cost of the training
process in these approaches, even for relatively small datasets (Stanley et al. 2019b).

To overcome this drawback, some approaches split the process into two sub-problems.
First, they focus on nding a repeatable cell, like in the ResNet (He et al. 2016a) or in the
InceptionNet blocks (Szegedy et al. 2015c) (a process termed micro search); and then on
optimising how to stack these cells (macro search, (Lu et al. 2019, Qin and Wang 2019)).
Another popular approach is to use a SuperNet (Liu et al. 2018) containing all possible
optimisation operations; then, candidates are constructed as sub-graphs of this net (Chu
et al. 2021). This approach often implies weight-sharing; hence, network candidates
bene t from training their peers (Chu et al. 2021).

Regardless of the search strategy utilised, state-of-the-art methods for iterating over
the search space mainly consist of evolutionary algorithms (Galvan and Mooney 2021),
reinforcement learning (Tan and Le 2019a), Bayesian optimisation (Shahriari et al. 2015)
and other gradient-based methods (He et al. 2021). Perhaps the two most popular ap-
proaches are neuroevolution and reinforcement learning (Stanley et al. 2019b). More
broadly, the application of evolutionary algorithms for AutoML, particularly for NAS, has
yielded encouraging results (Real et al. 2017 2018, Elsken et al. 2018a). These algo-
rithms are often considered one of the most promising directions in terms of ef ciency for
this type of problem (Radiuk and Kutucu 2020, Stanley et al. 2019b).
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Notably, the most expensive step in current AutoML approaches, regardless of their
type, is the evaluation of the candidate nets since they have to be effectively trained to
generate realistic estimates (He et al. 2021). Avoiding the training step drawbacks has
been recently battled with the weight-sharing, and SuperNet approaches as mentioned
above (Liu et al. 2018). However, recently, some works suggested using pruning scores
for networks that can be used as proxies for the trained performance of a network (Ab-
delfattah et al. 2021, Mellor et al. 2021, Guo et al. 2019b). However, most of these proxies
are still only compatible with classi cation tasks and are only reliable to a certain extent
(Mellor et al. 2021).

In the case of one of the most popular algorithms, it took 3150 GPU days to dis-
cover a network for a standard benchmark dataset (Real et al. 2017) and unfortunately,
due to tight deadlines and demand for iterative improvements in industry, it has limited
applications.

2.4.3 Proxy scores

Solving any of the presented problems so far requires careful consideration for choosing
the right performance metric for the problem at hand. To do so, the chosen measure must
correctly assess how well the de ned task is solved and account for the data distribution,
noise and other data-speci c challenges.

In addition to the plethora of classic metrics it is worth stressing the emergence of new
metrics which are directly relevant for this thesis' contributions, discussed in the following
chapters (Wu et al. 2021, Mellor et al. 2021).

A breakthrough in this niche area was recently presented in the paper "Neural Ar-
chitecture Search Without Training” (Mellor et al. 2021), which explores the idea of us-
ing such custom performance proxy metrics to score neural architectures from NAS
search space without even training them. According to numerous studies (Abdelfattah
et al. 2021, Wu et al. 2021) the metric has a positive correlation when tested for similarity
with the performance of a trained network.

Studies leveraged the fact that the performance of a network can be estimated upfront
by employing it in the loop of neural architecture search. The most (computationally) step
in the whole neural architecture search process is the training of the networks until some
type of convergence. A proxy metric that can bypass this step and assign an objective
score to the given network without training can revolutionise the whole process by poten-
tially speeding up the process exponentially exponentially (Abdelfattah et al. 2021).

Such approach is NASWOT (Mellor et al. 2021) approach that uses a single batch of
data to determine how good an architecture is for a given dataset. The authors specify
that their approach best (if not only) works with recti ed linear activations; using the single
batch, the approach consists of processing images through the network and identify linear
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binary activation regions.

Next, these binary regions are compared based on the Hamming distance between
them to determine how similar the activations for different inputs are. Their underlying
intuition of the approach is that the more different the activations for different inputs are,
the better the network is.

This difference score can then be fed to any NAS method, giving them a tremendous
speed advantage over conventional approaches. Although results might not re ect the
true performance precisely since the correlation is not above 90%, they still produce a
good estimation of the model's performance. It can also be mitigated by using approaches
such as neuroevolution, where often the result is a population of solutions rather than a
single candidate network.

SYNFLOW: In difference to NASWOT and other proxies, Syn ow (Tanaka et al. 2020)
relies on the synaptic ow of different neurons to estimate how important a speci ¢ neuron
is for the propagation of the signal in the network. Originally, authors employed this score
to prune the network by removing neurons with low scores for their inward and outward
signals. The calculation of the score takes seven straightforward steps.

The unique thing about this approach is that it is data agnostic, in the sense that to
calculate it no data is needed, but rather just the spatial dimensions (shape) of the batch
suf ce. The rst step is to map all weights through a modulus operator to convert them
to absolute values. Then, a vector of ones of the same shape as the expected input is
provided as an input. Next, all outputs of the selected layers are extracted and summed
up to result in a single number, which is the pseudo-loss function (step 4).

The fth step consists of computing all gradients of the selected layers with respect
to this pseudo-loss for the different outputs. The nal step (step 6) of the process is to
multiply the weights by the backpropagated signals. Lastly, the weights are reverted to
their original signs using the signs stored when the modulus operation from step one is
conducted.

In this way, the network is pruned dynamically decreasing the magnitude of unimpor-
tant weights and disregarding them, but avoiding layer collapse (Tanaka et al. 2020). To
use this pruning for NAS, some works sum up the average of the scores found from step
6 of the process and come up with a single number which can be used as a proxy for the
capacity of the model (Abdelfattah et al. 2021).

Having such approaches has long been one of the main problems in the eld of NAS
and nally, having such proxies with a high correlation to performance is groundbreaking
and could allow researchers and practitioners to use many old and new algorithms more
ef ciently and to produce results magnitudes of time faster.
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2.5 Applications to Concealed Threat Detection

The need for concealed weapon detection systems is rising, and security is currently a
signi cant global concern (Mahajan and Padha 2018). Researchers are attempting to
use various methods to identify, classify and detect threats in digital and X-ray images;
often, these threats are concealed, and detecting them is signi cantly more challenging
than other computer vision problems (Grega et al. 2016).

There are numerous ways to detect concealed weapons, such as millimetre wave
technology (Goenka and Sitara 2022, Li and Wu 2022), radar (Zhang 2022) and, most
often, X-ray machines (Miao et al. 2019, Akcay et al. 2018, Nguyen et al. 2022). The X-
ray machines used for this purpose are usually dual-channel with high and low-intensity
X-rays, which enables them to penetrate through different types of materials (Sidky et al.
2011). This allows images to be colour-coded based on their densities, which facilitates
visual inspections (Abidi et al. 2006). Recently, computer vision algorithms have been
tasked with automating the vast majority of the imaging data coming from these various
media sources, aiding human operators by automatically agging potential threats or
enhancing the images to make a threat more visible (Miao et al. 2019, Akcay et al. 2018,
Rostami 2014).

This work focuses on the medium coming from X-Ray or CT scans. Usually, these
techniques are used in tandem with an image processing pipeline, which analyses the
scans and determines if a threat is present, sometimes what the threat is, and even
where it is (Miao et al. 2019). These generated images are signi cantly different from
the conventional RGB images generated from CCTV or other digital cameras(Mery and
Arteta 2017).

Multiple challenges must be considered to detect threats in such images, including,
but not limited to, the following. First, incorporation of information the colour hold (usually
colours in X-rays and CT either signifying density (Hayler et al. 2019) or an object, the
object material (Aichert et al. 2012) or some different physical property (Mery 2015)).
Second, objects in such scans are densely packed together, which makes it harder to
establish where one object ends, and another begins (Xia et al. 2021).

Moreover, there may be (and often are) overlapping objects, which appear to occupy
the same pixels owing to the way the X-ray waves penetrate through objects (Rontgen
1895). All these factors and many more contribute to the noisy and increasingly complex
background of such images and the data itself (Miao et al. 2019). Digital image process-
ing to identify such threats in the complex background has been considered in existing
literature (Hussein et al. 2016), and systems that assist operators are often considered
(Tiwari and Verma 2015), because their results are usually not reliable enough to allow
for a fully automated solution.

Some methods focus on these properties and attempt to use novel attention mech-
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anisms designed to negate their adverse effects on model performance, such as the
hierarchical re nement (Miao et al. 2019) and the Selective Dense Attention Network
(Wang et al. 2021). Alternatively, additional pre-processing steps aim to aid models in
"seeing” concealed objects by separating the different layers of the image and analysing
the features separately before piecing together a full prediction (Mery et al. 2015).

Standard convolutional neural networks (CNNSs) are typically used in these scenarios,
often by simply naively applying already well-performing architectures with other types of
visual images distinct from X-ray ones (Akcay et al. 2018, Hassan et al. 2020). However,
some studies also leverage conditional generative adversarial network (GAN) to optimise
the generator and the discriminator in the network simultaneously. For example, (Akcay
et al. 2018) uses an encoder-decoder-encoder pipeline based on Deep Convolutional
Generative Adversarial Network (DCGAN) (Radford et al. 2015) to recognise anomalies
in X-ray images. Another popular approach is using transfer learning and retraining an
already well-performing architecture on the new X-ray domain (Hassan et al. 2020).

Overall, a caveat of these approaches is that insights and techniques used with visual
datasets may be suboptimal when used with other media types, such as X-rays (Mery
2015). An additional dif culty is the inherent imbalance present in the distribution of X-
ray data for anomaly detection (Dumagpi and Jeong 2020). Most datasets contain a
plethora of benign samples, and only a handful of anomalous ones (Miao et al. 2019,
Mery 2015, Akcay et al. 2018), posing challenges for models in optimal generalisation
while avoiding biased predictions in favour of the benign classes (Miao et al. 2019).

Creating entirely new models and techniques speci cally for the x-ray domain is highly
time-consuming. Moreover, detaching X-ray vision research from the advancements
in the visual domain would hinder the joint progress of both elds. Thus, a potential
workaround is to use transferable automated machine learning (AutoML) methods dis-
cussed earlier in the chapter (Section 2.4) (Xue et al. 2019).

In particular, neural architecture search (NAS) approaches are neither bound to the
speci ¢ data at hand, nor to architectural paradigms used in visual datasets. Unfor-
tunately, many state-of-the-art NAS algorithms are only viable for small dimensional
datasets (such as MNIST and CIFAR 10), since they require a tremendous amount of
computational resources. Moreover, the data loading and processing techniques are in-
tertwined with the approach in some datasets, so they cannot effortlessly scale-up to
high-dimensional X-ray data in a “plug-and-play” fashion (He et al. 2021, Real et al. 2017,
Lu et al. 2018, Wang et al. 2021). As the interest in the eld has grown, more and more
research has attempted to |l this research gap and provide alternative solutions to deal
with the problem, such as Dimanov et al. (2021), Zhou et al. (2020), Assunc¢éao et al.
(2019).

Radio frequencies (Nikolova and McCombe 2015), radars (Kim et al. 2018) and elec-
tromagnetic radiation detectors (Bassen et al. 2019) are also widely used for concealed
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weapon detection, but the problem with these approaches is that they are susceptible to
noise and interference. They also often require active use by an agent on people one by
one, which may hinder the traf ¢ of people through secure locations and cause conges-
tion (Mery 2015). The use of handheld devices with radar and ultrasonic detection has
also been explored, but a limitation of this approach is that such devices could not work
for long-distance detection (Nacci and Mockensturm 2001).

According to Grega et al. (2016) the problem can be solved by deploying smart cam-
eras, which can identify an object in any given frame, then track that object and detect
any form of concealed weapon. Thus, the threat detection problem (concealed or not)
has become a computer vision problem.

The current limitations in the eld are present mostly because threat detection in
moving objects and under various lighting conditions is still inaccurate and susceptible
to deception by different outside factors, such as types of clothing, lighting or continuous
movement (Parande and Soma 2015, Olmos et al. 2018, Hussin et al. 2012).

Researchers have tried to alleviate and tackle some of these problems by using auto-
mated or semi-automated systems, which, with the help of arti cial intelligence in the form
of various machine learning approaches (Mery 2015), attempt to detect these threats
from different types of signals (Rostami 2014) or imagery data (Hayler et al. 2019, Miao
et al. 2019) and can promptly inform an operator of the given threat.

The need to process these immense data and the fact that many machine-learning
computer vision tasks have recently been delegated to neural computation and, more
speci cally, the use of CNNs (Krizhevsky et al. 2012) has led to the idea of applying
these approaches to the problem of concealed weapon detection. Active research is
already underway to detect different threats, such as knives and guns (Olmos et al. 2018,
Gelana and Yadav 2019), bombs (Majeed et al. 2018) or others (Dutta et al. 2018) with
the use of CNNs. Based on the results, this research eld shows tremendous prospects.

There are multiple different scenarios, where such computer vision algorithms may
be employed, which range from facial detection of people carrying threats (Kamble et al.
2020), behavioural analysis of people and body language (Yang et al. 2021) to auto-
matically discovering threats in X-ray and CT imaging (Miao et al. 2019). Some of these
scenarios deal with conventional imagery data, so transfer learning (Chouhan et al. 2020)
approaches are being employed to aid the overall performance of security systems, while
others (such as X-ray and CT scanning) rely on substantially different processes to extract
and analyse features most ef ciently.

X-ray imaging enables the visualisation of the insides of objects (Mery 2015), which
allows operators to explore the contents of a scanned item in a non-intrusive manner.
Thus, this technology is largely used in airports (Liang et al. 2019b), crowded areas
(Bhargava et al. 2007) and other high-security places.

One of the most popular methods for X-ray imaging, as already mentioned, uses
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Figure 2.6: SIXray sample with multiple overlapping threats

dual-wave scans (Feder et al. 1977, Cherepennikov et al. 2015). In essence, three sep-
arate images are produced for each scan by shining a high-intensity and a low-intensity
wave (Martin and Koch 2006). The waves complement each other when producing an
X-ray scan, because they penetrate through different materials, thus producing a high-
resolution image using the whole composition of the scans (Wetter 2013).

Atomic number analyses complement the two X-ray views, and an entity known as a z-
map is generated, presenting a feature map containing the atomic value number per pixel
of the images (Mery 2015, Gil et al. 2011). Because the images contain three channels
(high and low intensity and the z-map), they can be integrated with conventional models
designed for digital RGB images(Abidi et al. 2005).

These values are usually then represented as RGB values when preprocessing the
input images, which eases human interpretation. Much of the geometrical and af ne
transformations for optical, as well as X-ray imagery work in the same way; thus, numer-
ous transferable skills of computer vision experts work with optical data (Mery 2015).

Medium-speci ¢ processes and challenges exist especially in X-rays, including, but
not limited to, the ones discussed above. One such obscure challenge is the attenuation
of X-rays when passing through objects(OImos et al. 2018). This is observed when X-
ray imaging provides an image that contains information on object thickness and density
(Mery 2015).

However, the choice of topology and other hyperparameters requires expertise in mul-
tiple different domains, so this neural network architecture is dif cult to discover. Never-
theless, the increased research interest in using AutoML for computer vision problems
has already delivered state-of-the-art results for multiple problems (Stanley et al. 2019a).

Thus, to conclude this chapter, the use of Neuroevolution, reinforcement learning
and similar approaches to discover the correct CNN architectures seems promising and
insightful for dealing with problems in the context of threat detection (Real et al. 2018).
Moreover, researchers from Durham university Akcay et al. (2018) are already exploring
the use of highly complex GANs that compete with each other to detect anomalies, even
in unseen data.
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This interest has led to an in ux of novel X-ray datasets featuring concealed threats
in recent years (Mery et al. 2015, Miao et al. 2019, Isaac-Medina et al. 2021). These
datasets are designed to foster the upcoming automation of security systems, which
would allow for security personnel to prevent potential disasters more ef ciently and ef-
fectively (Mery 2015). A particularly relevant dataset is SIXray (Miao et al. 2019), which
contains multiple distinctive threats that can appear simultaneously and exhibit unique
properties, representing the domain's real-world data. Some of these properties stem
from the penetrative nature of X-rays, such that some objects might be obscured by other
benign ones, or that multiple objects of interest can be stacked on top of each other (see
example in Figure 2.6) (Wang et al. 2021).



Chapter 3

MONCAE - Multi-Objective
Neuroevolution for Convolutional
Autoencoders

Before proceeding with the applications of AutoML to threat detection in Chapter 5, this
chapter explores how to foster the ef ciency of AutoML algorithms for computer vision.

One of the main drivers of this eld has been the tremendous amount of available
data, which has been stored and is accumulated daily worldwide (Oussous et al. 2018).
This paradigm, known as Big Data (Lee 2017), has enabled multiple areas (including
machine learning) to thrive by using this valuable resource. Chapter 2 suggested that
existing AutoML studies in computer vision mainly focus on discovering image classi-
ers rather than other niche architectures, which seems to point to a major research gap
in AutoML since recent techniques such as vision transformers , stable diffusion , se-
mantic segmentation UNETsand even text-to-speech algorithms such as Whisper rely on
autoencoder-like structures. Hence, this chapter addresses the research gap by present-
ing a new Multi-Objective Neuroevolution method for optimising Convolutional Autoen-
coders (MONCAE).

Remarkably, this is the rst attempt, to the best of the authors' knowledge, to conduct
a neural architecture search in the context of convolutional autoencoders as well as the
rst study to use a hypervolume indicator in the context of neural architecture search for
autoencoders.

Results show that images were compressed in the bottleneck layer of the autoencoder
by a factor of 10+ while still retaining enough information to achieve satisfactory image
reconstruction and classi cation for the majority of the tasks. Thus, this new approach
can be used to speed up the AutoML pipeline for image compression. It can also be
integrated to discover autoencoders for newly surfaced stable diffusion, transformers or
even generative adversarial networks.

38
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This chapter focuses on one of the most promising approaches for automated ma-
chine learning - neuroevolution. Neuroevolution is chosen since it allows for a set of
solutions to be generated which can be used to explore the trade-off between several dif-
ferent objectives (Kelly et al. 2023, Lu et al. 2019).0ne of the downsides of this approach
and for neural architecture search in general, however, as discussed in Section 2.4.2 is
the long training time of these models, which makes it computationally infeasible for a
plethora of problems (Real et al. 2019).

Based on the promising results of Charte et al. (2020)'s approach in a range of com-
puter vision problems (e.g., LeCun et al. (1999), Frankle and Carbin (2018)) , rst ways
of compressing images are explored while minimising the loss of information needed for
computer vision tasks such as classi cation and object detection. A prominent angle is
to use convolutional autoencoders (discussed in Section 2.1). A challenge with convo-
lutional autoencoders, however, is the complexity of their design, which involves a large
number of hyperparameters that must be carefully chosen and tuned in order to achieve
good performance on a given task. This challenge prevents inexperienced researchers
from using these models effectively and can hinder the transferability of trained models
to new problems.

Here, a novel neural architecture search approach is proposed based on neuroevo-
lution to approximate the Pareto-front of convolutional autoencoders to overcome these
challenges. This method is designed to optimise the trade-off between reconstruction
loss and image compression. The image compression is calculated based on the size of
the bottleneck layer, which is a key parameter in determining the model's overall perfor-
mance.

The chapter continues with a preliminary study (Section 3.1) motivating the devel-
opment of MONCAE, which reveals that pre-training with autoencoders can improve the
performance of derived architectures. What follows is a detailed explanation of how MON-
CAE automatically discovers convolutional autoencoders in 3 different datasets (Sections
3.2 and 3.3). MONCAE achieves multi-objective optimisation by using the Hypervolume
indicator. Next, the results are presented (Section 3.5) where the bene ts from the multi-
objective optimisation become apparent as MONCAE manages to beat the baselines
in terms of balancing task performance and compression while taking several orders of
magnitude less time than competitive approaches (ex. 93 GPU minutes compared to
1440 for MNIST). This is followed by a discussion and conclusion (Section 3.6) high-
lighting the implicit strengths of MONCAE, such as its ability to automatically adjust to
the complexity of a given dataset and balance the importance of the objectives. A sum-
marised version of MONCAE has been presented at the "2nd Workshop on Neural Archi-
tecture Search at ICLR 2021” Dimanov et al. (2021).
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3.1 Motivation study

As discussed in Chapter 2, autoencoders enable researchers to achieve a variety of
tasks, including dimensionality reduction (Wang et al. 2014), image denoising (Gondara
2016) and many others. More importantly, in the context of this work, they can also be
used for image compression (Theis et al. 2017) and feature extraction (Goodfellow et al.
2016b), which is why a NAS for autoencoders is created in this chapter.

One of the key motivations behind MONCAE is that when a particularly effective con-
volutional autoencoder is discovered for a dataset (based on low reconstruction loss), this
implicitly means that the encoding from which the images were reconstructed contains
the information needed to complete the speci ed task (Goodfellow et al. 2016a). Conse-
quently, encodings created by the bottleneck layers can be potentially used by a classi er
or detector, which can complete the task at hand using only these encodings as inputs
rather than the whole image.

Therefore, the process would achieve extra byproduct objectives in addition to the
actual discovery of the autoencoder. The main three of these additional implications
would be:

1. Splitting the feature extraction and classi cation tasks - This would allow the en-
coder part to conduct the feature extraction rst. Then, the whole network can be
reconstructed by adding the layers designed for classifying these features.

2. Performing unsupervised learning when the dataset labels are unavailable.

3. Facilitate transfer learning on different tasks for the same dataset using the ex-
tracted features.

In short, it can further foster already well-established training and machine learning
pipelines of procedures.

The rst implication would mean that researchers can split the feature extraction and
problem-solving tasks during training, hyperparameter search or model search experi-
mentation. This task separation would render an easier veri cation of results and latent
representations comparison, which have traditionally been considered to be part of a
'black-box' process (Guidotti et al. 2020) In addition, if the reconstruction error is low, the
latent representations can be used as a separate objective with an auxiliary output when
the model is trained. This recon guration would allow for more ne-grained control of
how the model is learning and can be easily achieved by the addition of auxiliary outputs
and losses to already existing models (Goodfellow et al. 2016b)

Moreover, a series of challenges can be alleviated by adding an extra objective, such
as selecting the right loss for training on some tasks. For example, problems with a signif-
icant imbalance present can incorporate an objective to foster class imbalance invariant
reconstructions based on separate class-speci ¢ metrics.
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3.1.1 Rationale

Training machine learning models is time-consuming and requires careful data collection
and labelling. The availability of labelled data is often a limiting factor in the design and
optimisation of model architectures for supervised learning tasks. As a result, the se-
lection of model architectures must usually be made before the completion of the data
labelling process, but the data is a prerequisite for the search. This prerequisite can re-
sult in suboptimal performance and a need for additional training and optimisation once
the labelled data is available (Cunningham et al. 2008).

The rapid pace of development in machine learning often leads to rushed architecture
search and model optimisation processes, which can be constrained by time limitations
(Munappy et al. 2019). This rush can compromise the overall performance of the resulting
model. It may also lead researchers or practitioners to neglect important aspects of the
system, such as obscure metrics or insuf cient testing (Goodfellow et al. 2016b). As a
result, it is vital to carefully consider the various stages of the model development process
and ensure that best practices are followed to produce high-quality models.

Using a convolutional autoencoder (example visualisation of the general structure in
Figure 3.1) and optimising its reconstruction loss is not dependent on any labels, which
can allow for the use of a well-working autoencoder to compress and discover the features
of the dataset prior to the data labelling.

This unsupervised approach can improve the overall quality of the process and help
with early debugging, proving to be of paramount importance (Myers et al. 2011). More-
over, the effect of data augmentation and preprocessing can also be established earlier.

Figure 3.1: General structure of symmetrical convolutional autoencoder

In addition to all that, if the feature extractor is discovered in advance, then the model
search is con ned to looking just for the last couple of layers to complete the task at hand
instead of conducting neural architecture, hyperparameter or some other time-consuming
search or process on the whole model at a much later stage (Goodfellow et al. 2016b).

The research questions when approaching this problem are formulated as follows:
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1. Can representation learning be done in an unsupervised or semi-supervised fash-
ion using convolutional autoencoders?

2. Can the results discovered with unsupervised representation learning be transfer-
able to classi cation and other computer vision problems?

3. Is it more ef cient to use conventional convolutional neural network classi ers, or
can one learn the representations in unsupervised learning and then train only the
classi cation layers?

4. What impact does training for unsupervised representations and then classi cation
training have on the overall classi cation performance?

Based on the research questions, a hypothesis is proposed:

Hypothesis 1 Feature extraction can be done before labelling a dataset. When the la-
bels are made available, the learnt features can be used to discover or apply transfer
learning to a classi er with competitive performance to the same classi ers being discov-
ered and trained in the conventional black-box method.

Null Hypothesis 1 Conventionally discovered and trained convolutional classi er signif-
icantly outperforms both a classi er trained only on the discovered features from a con-
volutional autoencoder and a classi er which uses the discovered features to conduct

transfer learning.

Alternative Hypothesis 1  Conventionally discovered and trained convolutional classi-
er signi cantly outperforms a classi er trained only on the discovered features from a
convolutional autoencoder but fails to outperform signi cantly a classi er which uses the
discovered features to conduct transfer learning.

Alternative Hypothesis 2  Conventionally discovered and trained convolutional classi-
er fails to signi cantly outperform a classi er trained only on the discovered features
from a convolutional autoencoder but outperforms signi cantly a classi er which uses the
discovered features to conduct transfer learning.

Alternative Hypothesis 3 ~ Conventionally discovered and trained convolutional classi er
fails to signi cantly outperform both a classi er trained only on the discovered features
from a convolutional autoencoder and a classi er which uses the discovered features to
conduct transfer learning.

3.1.2 Methodology for testing Rationale

An experiment is designed to test this hypothesis using three different convolutional archi-
tectures across ten random seeds, and for each run, three separate experimental arms
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(a) Architecture 1 (b) Architecture 2 (c) Architecture 3

Figure 3.2: The three used architectures in the "motivation experiment”. Architecture a)
is a simple convolutional autoencoder with only three layers before the encoding, b) has
four layers before the encoding as well as more than double the feature maps available
to a), and c) is signi cantly more complicated with having three resnet blocks (equivalent
to 15 layers as counted for the other architectures) before the encoding.
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are created. The three architectures are conventional neural architectures (displayed in
Figure 3.2) which have different depths and are made of different layers. Architecture
1 and 2 are similar but use different lter sizes in the convolutional layers. In contrast,
architecture 3 is substantially more different from the other by having ResNet blocks (dis-
cussed in E). The dataset used for this experiment is MNIST. The control arm is a con-
ventional sequential architecture constructed from feature-extracting convolutional and
max-pooling or strided convolutions followed by a couple of layers that classify the fea-
tures (refered to this model as the 'classi cation model'). The classi cation models are

displayed in Figure 3.2. The rst experimental arm uses the feature extraction layers as
the encoder part of an autoencoder. Then the decoder is built with the same layers where
the max-pooling layers are substituted for upsampling ones, and the strided convolutional
layers are substituted for separable convolutions (covered in detail in Chapter 2). Then,
an auxiliary model takes as input the output of the autoencoder by the bottleneck layer
and adds the same classi cation layers as the control arm to produce what is referred to
as the 'latent model'. The third model (Experimental Arm 2 ) is the same as the 'clas-
si cation model' from the control arm. However, instead of training it from scratch, the
weights from the trained autoencoder described above are used as initial weights before
retraining(‘transfer learning model’).

3.1.3 Experimental setup for testing Rationale

The batch size and epochs for all experiments are 64 and 100, respectively. These hy-
perparameters were chosen after some preliminary tests determined that with them fair
comparison between the approaches can be achieved and also it was the maximum fea-
sible batch size for the hardware the experiments were conducted with. The learning rate
is speci ed to be 0.001 which is suggested by multiple works to be a good starting learn-
ing rate for the optimiser used throughout the experiments (especially for this datasets)
(Smith 2018, Chrabaszcz et al. 2017, Liu et al. 2019¢) with an additional callback, which
acts as a dynamic learning rate scheduler and reduces the learning rate when there has
not been any improvement of the value of the loss function for 2 epochs, in which case it
multiplies the learning rate by a factor of 0.5. This choice is made to avoid over tting and
allow for ne-grained modi cations by the optimiser (Adam) and is popularly used in the

form of cyclic learning rate with similar rule sets (Smith 2017, Rodellar et al. 2022, Wang
et al. 2023).

3.1.4 Results of testing Rationale

Figures 3.3 and 3.4 illustrate the results using these settings. A trend becomes apparent
from the results depicted by the box plots of the categorical accuracies. The experiments
on the Control arm seem to be better than Experimental arm 1 yet worse than Experi-
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Figure 3.3: Distribution of accuracies for each experimental arm

Experimental Arm s + k? P-value

Control 0.792 0.673
Experimental 1 3.44 0.179
Experimental 2 3.17 0.204

Table 3.1: Normality test results for the three experimental arms, where s is the skew
test, and k is the kurtosis test. The test operates under the assumption that the null
hypothesis is that the data comes from a normal distribution and anything above 0.05
p-value is considered high enough to reject this hypothesis.

mental arm 2. This nding suggests a limited value of the autoencoder's representations
since the latent representations-based classi er with the auxiliary added classi cation
layers did not perform as well as the control arm. On the other hand, the illustration pro-
vides evidence that the transfer learning approach in the second experimental arm might
contribute to an overall improvement of results.

Next, the hypothesis is further investigated using a normality test based on d'Agostino
(1971), and D'AGOSTINO and Pearson (1973) to evaluate the probability distribution of
each experimental arm being Gaussian (above p=0.05 threshold, the normality hypothe-
sis is considered rejected). Based on the results in Table 3.1 and Figure 3.3, it becomes
evident that none of the experimental arms follows a normal distribution. Thus, the statis-
tical signi cance between the sets cannot be accurately determined using statistical tools
that have a prerequisite for normality. Hence, the Mann-Whitney U rank test is used to
determine if the results for each arm dominate the other.

The Mann-Whitney U rank test fails to conclude that the rst experimental arm re-
sults are greater than the control arm, signi ed by a score of U = 147:5 and a p-value
of 3:9996 10 6, which strongly indicates that the control arm outperforms the rst ex-
perimental arm (the encoder). Thus, alternative hypothesis 2 and alternative hypothesis
3 have to be rejected. Interestingly, when the same test is performed for the control
arm and the second experimental arm, the Mann-Whitney score of 867 signi es an even
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Figure 3.4: Box plot of performance across the three experimental arms for motivation test
experiment for MONCAE. Notice how the Control arm does not outperform the second
experimental arm but seems to outperform the rst experimental arm. This nding can be
attributed to the fact that both the decoder and the encoder are optimised during training,
but the decoder is subsequently discarded.

greater gap between the scores. However, the p-value denoting the probability of the
second experimental arm being better than the control arm is 0:9999999997which means
that the probability of the control arm being better than the second experimental arm is
3:69 10 10, These results positively con rm that the second control arm outperforms
the control arm, which renders us unable to reject the rst alternative hypothesis but is
enough to reject the null hypothesis.

A limitation of this preliminary study is that only one dataset (MNIST) is used in the
experiments. Thus, some of the ndings might capture spurious correlations or be data-
speci ¢, and more robust tests are required to explore if this hypothesis stands with other
datasets. While this limitation affects MONCAE, the results in Section 3.5 connote that
this hypothesis stands for Fashion MNIST and CIFAR-10.

3.1.5 Why is MONCAE important?

In short, this motivation study proves that having a well-working autoencoder is not only
important purely for reconstruction or denoising samples but the architecture of the au-
toencoder, and the learnt information can be transferred when the data is used to address
a multitude of problems. This nding opens up a door for a whole new methodology of
designing training cycles, architectures and algorithms for deep convolutional learning.

These new procedures can bene t from a preliminary unsupervised learning train-
ing step, which can help researchers and practitioners debug their models and overall
methodology early on but also help boost the nal performance of the produced models.
Chapter 5 explores such an idea where an autoencoder built with MONCAE is used for
coreset discovery.
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3.2 MONCAE Methodology

Let's now turn back to the automatic design of autoencoders. Several studies have
attempted employing neuroevolution to nd optimal autoencoders before (Charte et al.
2020, Sereno 2018, Alvernaz and Togelius 2017).

Recently, researchers have demonstrated that one promising approach is to split the
problem into two stages: rst, feature engineering and then using the extracted features
to solve the problem at hand (Sereno 2018). To achieve that, Sereno (2018), Charte
et al. (2020) and Alvernaz and Togelius (2017) have showcased the possibility of using
an automatically discovered autoencoder to tackle this.

The idea is that the produced autoencoder can compress the inputs by up to a factor
of 10 with just one full forward pass and still preserve enough information to achieve
satisfactory classi cation performance above 97% in the case of MNIST. Rather than
using the raw input for training or network discovery, encoding the inputs can be used
instead. As shown in the motivation experiment, the present transfer learning approach
appears to be more effective than using the encodings as inputs. Therefore, the transfer
learning approach is used in the experiments when netuning to the speci ed task.

Approaches like Charte et al. (2020)'s EvoOAAA mainly focused on evolving a simple
neural network with dense activation layers. Based on the results presented in these
works, the idea of using neuroevolution to optimise autoencoders looks promising. How-
ever, the problem with the current methods is their limitation of not using convolutional
and pooling layers, which is typically a powerful feature to consider (Gu et al. 2018).

In MONCAE, a Neuroevolution algorithm is built, roughly based on the principles of
DEvol (Davison 2017), a neuroevolution algorithm for neural architecture search intended
for image classi cation.

While retaining the basic working principle of the initialisation and variation, the search
space and the encoding are designed to allow for neural architecture search of convolu-
tional autoencoders.

Multi-objective optimisation through the use of the Hypervolume indicator discussed
above is added. To the best of the authors' knowledge, this work is the rst time in
which neuroevolution multi-objective optimisation has been used for automating
the design of convolutional autoencoder architectures

To make any neuroevolution approach compatible with convolutional autoencoders,
this chapter rst examines how convolutional autoencoders are structured. Convolutional
autoencoders usually have symmetrical encoder and decoder parts, in which the input
is compressed and reconstructed respectively (Goodfellow et al. 2016b). The motivation
behind them stays the same as non-convolutional autoencoders (discussed in Section
2.1). However, the big-picture goal is to make use of convolutions to compress big-image
datasets into more manageable and smaller representations.
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The underlying rationale of this approach is that if the decoder part of the network can
successfully reconstruct the images to a satisfactory extent, then the information needed
to complete the task should be present in the latent representations tested in the previous
section.

The two main objectives of MONCAE are to a) minimise the reconstruction loss while
b) compressing the latent representation vector as much as possible. In doing so, a third
objective is added to monitor the complexity of the model. This way, a preference for
models with a lower level of complexity is added.

The implementation of MONCAE ! uses Devol (Davison 2017) as a foundation, and
the modular design allows for the heavy experimentation with each different operator in
the algorithm. To add multi-objective optimisation, MONCAE utilises the hypervolume
indicator (see below) and adjusts the encoding and decoding operators together with the
evaluation process.

The selection process in MONCAE is of tournament (T S) type, that is, TS(P) =
fp1;p2;iipng where P = fpg;pe2;iiPmd, P is an individual of the population P, and n
is the desired number of individuals to be selected. The tournament selection iteratively
chooses a pair of individuals, and based on their performance, one is kept and the other
discarded. For the speci cs of each operation, please consult the code 1.

A severe limitation of AutoML approaches (and neuroevolution in particular) is that
these algorithms take a tremendous amount of time to discover optimal solutions, making
it infeasible for many modern-day scenarios (Lebedev and Lempitsky 2018, He et al.
2021, Kelly et al. 2023). . There are many different attempts to solve this problem,
focusing both on the 'data space' (Wang et al. 2018, Singh and Lee 2017a) and the
‘algorithmic space' (Hinton et al. 2015, Frankle and Carbin 2018).

MONCAE follows a similar methodology to Charte et al. (2020), but the neuroevolu-
tion algorithm is allowed to search for convolutional and pooling layers instead of using
dense layers for the architecture. The search space also includes the depth of the net-
work rather than simply the width of a single layer. Moreover, the hypervolume indicator
(Rostami and Neri 2016, Guerreiro et al. 2020) (see details in Equation 3.2 below) is
used to nd a trade-off between two main objectives: 1) the reconstruction loss and 2)
the level of compression, a metric reminiscent of the classic Bayesian information crite-
rion (Watanabe 2013), de ned as

\d
L(k) = logio  (ki); (3.1)
i=0

where k is the vector containing the size of each dimension (k;) of the linear map pro-
duced by the bottleneck layer of the convolutional autoencoder. The logarithm balances
the different components of the objective function, ensuring they are all effectively con-

Yhttps://github.com/DanielDimanov/MONCAE
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sidered in the optimisation process.

As mentioned earlier, the main instrument for the selection in MONCAE is the Hyper-
volume (Hv) indicator, which is a well-established performance in multi-objective prob-
lems. The Hv indicator measures the volume of a particularly relevant region contained
in the m-dimensional space (m is the number of objectives), spanned by the objective
functions f1; :.:f 1, (namely, the region "covered” or "dominated” by the population of solu-
tions X f xa1;::3XnQ With respect to the reference point f '¢"). It is typically de ned as
(Guerreiro et al. 2020, Zitzler et al. 2007):

0 1

Hv(X;f)= @ [ [ a(xi); 1% ] [Fm(xi)ifi ] A (3.2)
8xi2X

where X contains all performance metrics for the whole population of solutions, f "' is the

ref . .... ¢ ref
fl y

reference vector of entries ufm , the expressions in brackets [f;; f iref

] indicate the

length lower-bounded by f; and upper-bounded by f "

, and is the Lebesge measure
over the union of all the m-dimensional hyper-cube volumes (that is, the net volume in
euclidean space).

Thus, and remarkably, further objectives (beyond compression level and reconstruc-
tion loss) can be seamlessly added in MONCAE.

Based on the multiple objectives (and pre-speci ed reference points for each one),
rst, the Hv of the population at each generation is calculated and then evaluated through
the contribution of each individual solution x; to the overall Hv which is termed the con-
tributing hyper-volume indicator, cHv (aka incremental Hv indicator, Hv) which is used

as the tness score,

cHv Hv(xi; X)= Hv(X[f xijg) H v(X nx;): (3.3)

The working principle behind cHv is that individuals x; from the optimal front of solu-
tions are removed one by one from the approximation set. Then the cHv is recorded for
each individual solution, which captures its contribution to the overall Hv. The process
of MONCAE follows the general Neuroevolution cycle, and details over each step are
discussed next.

3.3 MONCAE algorithm

First, some hyperparameters are set, namely the number of generations, the popula-
tion size, the maximum number of convolutional (and pooling) layers, the maximum lIter
size in a convolutional layer and the maximum epochs (used when each architecture is
evaluated), determining the genome size. The general steps of the algorithm follow the
neuroevolution process depicted in Figure 3.5. In short, when the algorithm starts the
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Figure 3.5: High-level owchart of neuroevolution with all steps from general evolutionary
algorithms with Decode and Encode operators added. The Variation operator can be
further split into Crossover and Mutation in the case of Genetic algorithms.

evolutionary process, all genomes are of known size, making it easier to reference and
allowing for Atavism (Rostami and Neri 2016) to occur. The idea of Atavism is that some
of the layers might be disabled. So, some of this layer's properties (e.g., the kernel size,
the number of Iters, etc.) will not be re ected in the phenotype (the actual neural net-
work). However, this genome continues to carry genetic information about these layers.
They become the equivalent of recessive genes in biology (Deb 2001b).

Table 3.2: MONCAE search space. Notice that these presets can be treated as high-level
hyperparameters and can be easily modi ed to construct new search spaces.

Parameters Range Description

Active E%lg if the layer is active or not

Num lters logamax filters  oi  number of Iters

Kernel f3,5,79 kernel size

BN f0,1g if batch normalisation should be applied

0
ctivation a , : what activation function should be use

Activati 5 Yelu . h ivation function should b q
%Sigmoid

Dropout f0,1g should there be dropout after the layer after this one

Pooling f0,1,2g if max-pooling should be included

Following, the search space is de ned. It comprises of all possible combinations
of chromosomes in the genome (Table 3.2 outlines the possible values for each search
parameter per layer).

Every single layer may be composed of convolution, max pooling, activation and
dropout operation. Compound layers are also allowed, consisting of more than one of
these operations. The only operation required is the convolution, which can also be
disabled, which in turn disables the rest of the operations in the given layer too. This
mechanism is triggered by zeroing the Active parameter. The total amount of parameters
is thus calculated by the number of parameters per layer times the maximum number of
layers + 1. The last added parameter determines the used optimiser during the training
of the networks. Four optimisers are included in the search space, but they can easily be
increased or decreased based on the given use case: 'Adam’, '‘Adagrad’, 'RMSProp' and
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'‘Adadelta’.

For the initialisation (step 1), a random population is generated (of the speci ed
size). It is important to note that other strategies, like starting at the extremes or using
state-of-the-art architectures as a starting point, might yield even better results in prac-
tice, but towards a better experimental control, here, random initialisation is used. When
constructing the genomes, each parameter's position matters, and based on the position
in the genome, the chosen parameter has a different range of possible values (as listed
in the example search space of layer parameters in Table 3.2).

The encoding (step 2) of the genome isof length (2 f k 2 &a 2 3)+1
where f is the number of Iters available based on the speci ed maximum number of
Iters, & is the number of available activation functions used, k is the number of kernel
sizes speci ed, and | is the maximum number of layers allowed.

After the population is initialised, the individuals are decoded into their phenotypes
(CNNs). The approach follows a conventional autoencoder design where the inputs are
rst compressed using an encoder and then reconstructed from the latent space using a
decoder (Alvernaz and Togelius 2017).

The symmetrical nature of the autoencoder structure greatly enhances the approach'’s
search strategy by automatically inferring the decoder from the constructed encoder. So,
this work only encodes the rst part of the autoencoder responsible for compressing the
information. Then a series of convolutional and upsampling layers are used to restore the
original shape of the inputs and construct the decoder.

To achieve this, each layer from the encoder (the green and yellow layers from Figure
3.6) is constructed using the corresponding properties, and then for the decoder (the red
layers in Figure 3.6) the layers are added in reverse order by substituting the pooling
layers for upsampling ones. The compressed latent space is scaled up until the initial
input shape is restored to decode the upsampling part of the network.

The last dimension of the output vector is the number of initial channels. This property
will later allow for the use of the number of classes instead of colour channels, allowing
the allocation of a single neuron per class in the last layer. The output of a MONCAE
model is tasked to recreate the input from the highly compressed latent space. The
decompression is achieved through upsampling layers, but they can be substituted for
transposed convolutions also (Pons et al. 2021).

Achieving this requires the algorithm to iterate over the encoded convolutional layers
again butin reverse order and exchange the pooling layers for upsampling ones. This way,
the standard encoder-decoder structure of typical autoencoders is achieved (Azarang
et al. 2019). Exceptions can occur in two special cases. One of the exceptions happens
at the very end of the network, where a layer that xes the number of Iters is added to
equal the number of channels of the input.

The second one happens conditionally to a speci ¢ process during the construction
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of the encoder. If either of the two rst dimensions of the output mask has been rounded
off during the encoding, the procedure depicted in Figure 3.6 takes place. The decoding
of the rst part of the network stays the same, but when the upsampling is done, a new
convolutional layer is added to adjust the mirror side's shape based on the rounding's
position.

Figure 3.6: Decoding process if feature map with odd height or width appears. The
green(downscaling) and the yellow (bottleneck) layers are part of the encoding. The
red(upscaling) layers are generated based on the shape of the bottleneck and input size.

In the example, the input is of square shape, so in other terms, the shape goes from
14-7-4-8-16 - 14. The pooling that happens when the shape is 7 7 causes the next
shape to be 4 4. Upsampling by 2 of the 4 4 feature maps causes it to be 8x8, which
then causes a shape mismatch down the line. This phenomenon can happen anytime a
pooling operation occurs after the shape is not an even number. Feature maps' shapes
are stored while constructing the encoder to alleviate this obstacle. Then, it is used to
come up with a rule that the shape should increase following this formula:

e= S5F o'2p ji2 n0;1:::nIO
s O2P

Where n is the number of layers, O is the set of all operations in the encoder, P is the
set of pooling operations, and s is the current shape of the feature maps initialised to be
equal to the input shape k. e is used to store all feature map shapes. Then, upsampling
layers are used to facilitate the 2 increase of the shape and an extra convolutional
layer with valid padding and 3 3 kernel size to do the -2 subtraction, as shown in the
procedure below: This trick gives the algorithm full freedom in constructing the encoder
part. However, a hard limitation is set in place that prevents the model from pooling when
the shape of the feature maps gets below 4 4 to prevent the algorithm from searching
for architectures with excessive data loss due to compression.

In the experiments, the architectures are evaluated (step 3) by training for & epochs.
Through experimentation, a good value for & is determined to be 5, which allows for a
reasonable estimation of the performance while signi cantly reducing the needed time
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Algorithm 1: Constructing decoder part. Logical brackets are coloured for legi-
bility.

Data: e;n;s;k;O;P

Result: decoder operations

D ;
for i=n-1to0do
if Oj 2 P then
| D D[ G
else
D D[ upsample
s s 2
end
if(s 2Ze)"(((s 2) 22e)_((s 2Z2e)"((s 2) 2=k)) then
D D conv((3;3);valid)
s s 2
end
s 1
end

for training. While doing so, early stopping is used to avoid training models that are not
improving and conserve some resources for the rest of the process.

Then, results are veri ed by running the model on a pre-de ned validation set that all
individuals use. Here, various metrics are tried to report the tness of each individual.
The aim is to minimise the latent vectors in the bottleneck and the reconstruction loss.
Hence, a multi-objective metric such as the cHv was required.

As mentioned, the rst objective is the reconstruction loss for which binary cross-
entropy between the output of the network and the input is used (as discussed in Chapter
2): H(p;0 = x2f 0:1g p(x)log q(x). In this case, p(x) would denote the label for x and
g(x) would denote the output of a model q given input x.

The next step, (Terminate ), checks if the termination criterion is met. If it is, then the
algorithm is stopped (in the context of MONCAE, this criterion is the number of genera-
tions).

The crossover is a one-point crossover, meaning a single point is randomly cho-
sen. The offspring of the selected individuals is generated by taking the rst part of
one of the parents and the second part of the other one with respect to the chosen point
for crossover. In terms of mutation, a criterion roughly based on simulated annealing
(Van Laarhoven and Aarts 1987) decides when to apply a random chance of a random
parameter.

For the change of parameters, a valid random gene is chosen and substituted with a
new random one from the search space. The mutation is similar to simulated annealing in
that at the start of the neuroevolution algorithm, the process starts with a higher mutation
rate and decreases with the passing of generations.

Using multi-objective optimisation with a population-based approach such as neu-
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roevolution allows for the examination of the whole nal approximation set of produced
solutions instead of being presented with one. Stakeholders are thus enabled to choose
the model that best ts the context of the problem at hand.

3.4 Experimental setup

In these experiments, the reference points are set to 4 and 12 for the error and level
of compression correspondingly. During development of the method various different
reference points have been tried and they this hyperparameter tends to be sensitive to
the desired output. Based on the determined ranges, these references points provide the
best balanced solutions. If the reference point for level of compression is pushed more it
starts generating smaller model but the sacri ce in performance is too big. On the other
hand, if the model only focuses on the error it tends to overparameterise the produced
network. Thus, by empirical analysis and to re ect the actual speci ed requirements in
this work, 4 and 12 were chosen. Thus, the algorithm might be biased to pick models with
better compression than ones with lower error. The process showcases how preference
articulation can be easily added to the approach by setting different reference points for
the hypervolume indicator.

Even though this is not the only way to add preference articulation in MONCAE, it is
possibly one of the easiest. Based on the picked reference points, some objectives might
be weighted differently (similar to how the loss minimisation is weighted more than the
level of compression). In all training stages, if not otherwise speci ed, a batch size of
256 and 20 epochs is used. These two hyperparameters are tied to the hardware and
available computation time. The batch size is picked to be the largest possible batch size
to facilitate training on the availabel hardware, while the 20 epochs were chosen based on
some in uencial works that suggest it as a good point for estimating overall performance
(Bonet et al. 2021, Liang et al. 2019a, Emuoyibofarhe et al. 2020, White et al. 2023)

The discovered architectures are then ne-tuned by adding 2 auxiliary layers of 200
and 10 nodes from the bottleneck. The choice for picking 10 nodes is dictated by the
number of classes and the choice for 200 in the previous layer is motivated by early
universal approximation theorem works such as Huang et al. (2006). Then, they are
trained for 20 more epochs with the classi cation labels provided for the dataset at hand.
The same process is followed when comparing to benchmarks.

MONCAE is evaluated on three datasets: MNIST (LeCun et al. 1999), Fashion-MNIST
(Xiao et al. 2017) and CIFAR-10 (Krizhevsky et al. 2014). For each dataset, 10 runs
are conducted with different random seeds to allow for some statistical signi cance for
20 generations (motivated not only by previous evolutionary computation success and
potential diminishing returns after this point (Tan et al. 2009), but also from real-world
evolution, where "mechanisms ... can in uence rapid evolutionary change within 20 gen-
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erations or fewer (Prentis et al. 2008)) and a population size of 20, a maximum of 20
epochs and using early stopping. After the process is complete, the nal population is
netuned by training for an extra 20 epochs using the parameters, hyperparameters, op-
timiser and architectures discovered by the algorithm. Experiments were implemented in
Python, TensorFlow 2.4 and a single RTX 3090 NVidia GPU with CUDA 11.1.

CIFAR10 (Krizhevsky et al. 2014) is a dataset composed of 10 classes: aeroplane,
automobile, bird, cat, deer, dog, frog, horse, ship, and truck. Usually, the dataset is used
as-is, and the task for the dataset is image classi cation, where each image is classi ed
as being a single class out of the ten. There are extensions of this task that group dif-
ferent classes together and rede ne the classi cation to recognise the newly constructed
group instead of the original label (Wan et al. 2020, Ma et al. 2021). For more information
about any of the datasets mentioned, please refer to Appendix G These three datasets
are picked to make this work as comparable as possible to other similar state-of-the-art
approaches and showcase its performance on something that the domain reader will be
familiar with. Unfortunately, the three datasets do not represent the complexities of mod-
ern, more sophisticated data but simultaneously make it possible to compare to the most
signi cant amount of state-of-the-art works. Moreover, and more importantly, this work
introduces a novel approach that explores the feasibility of using multi-objective neuroevo-
lution in the problem and lays a potential stepping stone for new approaches. Hence, the
focus is on attempting to reject a null hypothesis with minimal possible experiments but
still ensuring it wasn't purely lucky. For this reason, multiple widespread datasets are
used, and the experiments are run numerous times with different seeds. Using CIFAR-
10, in particular, is vital as most designed benchmarks for AutoML are designed, tested
and compared on this speci ¢ dataset, and there has been a trend to use it with any new
approaches to facilitate easier comparisons (Mehta et al. 2022, Siems et al. 2020, Ying
et al. 2019). Moreover, the only other similar approach at the time of the development of
MONCAE - EvoAA-Diff uses only these 3 vision datasets and using the same datasets
allows this work to showcase MONCAE's competitive results.
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Figure 3.7: A population of solutions for MNIST. A single digit is used as an example
of the performance of every single model from a run picked randomly. For each model,
an example of the reconstruction of a single digit can be seen, as well as the achieved
reconstruction loss and level of compression.

3.5 Results

Turning now to the results, it is worth mentioning again that when interpreting the new
objective (level of compression), it is subject minimisation and not maximisation, meaning
that a lower level of compression is better  than a higher one. The two objectives
are also listed below to compare the different solutions within the population and the
prediction of each model.

It can be observed that, while not all of the solutions lie on the Pareto-optimal front
and some models are dominated by others, there are some models with higher resolution
outputs and lower loss that have achieved higher levels of compression, as well as others
with lower resolution and higher loss but still relatively good compression.

Averaging the results over the entire population would not accurately capture the goal
of producing an approximation set from which to choose. Therefore, the results from the
runs in which the latent representations compress the input by at least a factor of 2 are
presented, as more accurate but larger representations are not the focus of this work,
revealing yet another way that preference articulation can be achieved with MONCAE.

A more detailed breakdown of the results for each dataset is discussed next, but
what is consistently apparent across all experiments is that the averaged results have
high variability and are, therefore, unreliable for evaluating individual solutions' quality.
Consequently, the best architecture based on the cHv is chosen within the optimal set of
solutions and presented as MONCAE-s1.

Since this is the rst work to create a NAS algorithm for convolutional autoencoders,
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Table 3.3: MNIST results from 10 independent runs using a conventional autoencoder
with variable bottleneck layer size, a simple convolutional autoencoder, one produced
from EvoAA, the best one from MONCAE and the MONCAE average. The + symbol
denotes that the method is manual, and that is why there is no score (-) for the total time.
Notice that the autoencoder discovered by MONCAE with the highest cHv (MONCAE-s1)
achieves the best classi cation loss and accuracy while compressing the data the most
out of the whole selection. MONCAE-average results are produced by running MONCAE
10 separate times, and because MONCAE aims to produce Pareto optimal solutions with
a high standard deviation (denoted by ).

Approach Recloss Layers Bottleneck LOC Cl loss Clacc Total time w/o ft (min)
EvoAA-Diff 7% 1 162 221 12% 96.31% 1440
Autoencoder+ 6% 1 392 2.59 11% 96.59% -
Autoencoder+ 7% 1 196 2.29 12% 96.38%
Conv Autoencoer+ 8 % 3 14-14-2(392) 2.59 10% 96.90% -
MONCAE-s1 9% 25 4-4-4 (64) 1.81 9% 97.29% 82
MONCAE-average | 14.9 7.4% 22 12 83 91 192 195 39 50% 86.25 19.03% 93 221

the approach is compared to EVOAA(discussed above), an autoencoder compressing
the input dimensions to half, another one that does the same but compressing the input
to 25% and a shallow convolutional autoencoder suggested by some works to achieve
good results (Zhang 2018, Cheng et al. 2018).

To boost the clarity and legibility of the tables, the standard deviation is omitted where
it is below 0.5%, which turns out to be the case for all tested approaches except for the
averaged MONCAE runs.

Starting with MNIST, what stands out in Table 3.3 is the discrepancy between the
achieved reconstruction loss and the classi cation loss/accuracy. Interestingly, the sim-
plest autoencoder achieves the best reconstruction loss, which can be attributed to its
largest bottleneck layer. The bottleneck layer has allowed the model to keep enough
parameters to reconstruct the 28x28 image well but has seemingly had an adverse ef-
fect on its discriminative power compared to the convolutional approaches judging by the
classi cation results.

Strikingly, MONCAE's best cH v architecture achieves the best classi cation accuracy
(and loss) while compressing the input more than 10 , compared to 2 -4 with other
approaches.

Figure 3.7 presents an image per model for one of the runs. Each set of two images
is a random sample taken from the validation set compared to the result of running it
through a model from one of the 20 models in the nal population.

The gure illustrates a sample population from one of the runs, showcasing the variety
of available models produced. The total time in the table is the time for the whole algorithm
to do 1 run with the constraints speci ed above.

Next, this chapter focuses on Table 3.4 where the results for Fashion-MNIST are con-
sistent with the ones for MNIST. Notice again that the MONCAE-s1 architecture achieves
the best scores in terms of classi cation, but fails to beat the other approaches in terms
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Table 3.4: Fashion-MNIST results from 10 independent runs following the same conven-
tions as the MNIST table (3.3) presented above. The + symbol denotes that the method
is manual, and that is why there is no score for the total time. Again, the autoencoder
discovered by MONCAE with the highest cHv (MONCAE-s1) achieves the best classi -
cation loss and accuracy while compressing the data the most out of the whole selection.
Similarly to the MNIST results, the standard deviation across the produced populations
from the 10 runs is high.

Approach Recloss Layers Bottleneck LOC Cl loss Clacc Total time w/o ft (min)
EvoAA-Diff 0.258 1 256 241 0.35 87.38 1440
Autoencoder + 0.255 1 392 2.59 0.35 87.49 -
Autoencoder + 0.26 1 196 2.29 0.35 87.28
Conv Autoencoer + 0.28 3 14-14-2(392) 2.59 0.36 87.10 -
MONCAE-s1 0.29 14 7-7-4(196) 2.29 0.34 87.56 844
MONCAE-average | 0.27 0.04 18 8 166.92 168.9 1.64 04 0.40 0.24 85.13 9.42 91.2 231

of reconstruction loss.

An interesting nding is the close performance of the default autoencoders with heuris-
tic rules and EvoAA's models (Charte et al. 2020). Even compared to the loss results
presented in their study, MONCAE still yields better results.

Notice that in the Fashion-MNIST experiments, the average bottleneck representation
is relatively larger than the one for MNIST, regardless of the use of the same hyperpa-
rameters and the equal size of the inputs.

In contrast to the earlier ndings in this study, however, what can be seen in Table
3.5 is that the classi cation task with CIFAR-10 is progressively more dif cult, which is
indicated by the signi cant decline in classi cation performance for all methods. In con-
trast to the other two datasets, in CIFAR-10, the compression achieved by MONCAE is
only 3x. However, the signi cant uctuation in classi cation loss and accuracy makes
MONCAE clearly more favourable than the alternatives. Remarkably, EVOAA's near 80
compression leads to a classi cation accuracy of 35%, which is still better than random,
but the difference between the objective scores and the fact that there might be applica-
tions where 35% can be acceptable performance is precisely why MONCAE generates a
front of solutions for the user to choose the right architecture for their purpose.

While MONCAE-s1 is based on the highest cHv, this only means that this architecture
has achieved the best balance given the objectives and speci ed area of interest (through
the reference points). However, this doesn't mean MONCAE-s1 is the best architecture
from the produced front of solutions for all purposes.

More broadly, the reconstruction and classi cation error is the lowest for MNIST. The
pixel reconstruction loss and accuracy indeed leave room for improvement, but remark-
ably, these architectures were discovered using only 20 generations with a population
size of 20 for around 1.5 GPU hours on average. Moreover, the autoencoders are trained
for only 20 epochs, and while in the presented experiments, this is suf cient for the mod-
els to converge, it can be argued that further hyperparameter optimisation (especially
learning rate scheduling), regularisation(e.g. 11 and 12) and data augmentation can also
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Table 3.5: CIFAR-10 results from 10 independent runs following the same conventions
as the MNIST table (3.3) presented above. The + symbol denotes that the method is
manual, and that is why there is no score for the total time. Notice that this time EVoAA's
autoencoder offers the best compression but is severely outperformed by the other base-
lines as well as the MONCAE models, which again manage to achieve the best classi -
cation accuracy.

Approach Rec loss Layers  Bottleneck LOC Cl loss Cl acc Total time w/o ft (min)
EvoAA-Diff 0.61 1 39 1.51 18 34.95% 1440
Autoencoder + 0.56 1 1536 3.19 1.48 47.56% -
Autoencoder + 0.57 1 768 2.89 15 46.60%
Conv Autoencoer + 0.57 3 16-16-2(512) 2.71 1.52 46.36% -
MONCAE-s1 0.57 21 8-8-64(1024) 3.01 1.09 62.20% 2457
MONCAE-average | 57.84 0.03 22 7 702 797 285 29 16 025 435 935 123 26.1

potentially boost these results. A more detailed look at the outputs of MONCAE-s1 for
MNIST is available in Figure 3.8. The same can be found for F-MNIST and CIFAR-10 in
Figure 3.9 and 3.10, respectively.

Figure 3.8: MNIST autoencoder with bottleneck of 4x4x4 and reconstruction loss of

0.0817. Notice that the digits are almost indistinguishable from the original inputs de-
spite being reconstructed from a 12 times smaller representation.

Figure 3.9: Fashion-MNIST autoencoder with bottleneck of 4x4x4 and reconstruction loss
of 0.289. Notice that while some of the details are lost due to the high compression in the
bottleneck layer, the different clothing articles are still easily recognisable, meaning that
the salient information for classi cation is conserved in the 4x4x4 representation.

However, the fact that the algorithm managed to compress the dataset to represen-
tations that are (2x2x4) while still retaining enough information to reconstruct back the
images correctly, with 50% of the data being accurately reconstructed, shows that the
potential of the approach. With larger population sizes, more epochs, more generations
and expanding search space, this approach can be scaled to larger datasets. Neverthe-
less, scaling the approach to multi-channel inputs remains a challenge (Figure 3.10).



CHAPTER 3. MONCAE - MULTI-OBJECTIVE NEUROEVOLUTION FOR
60 CONVOLUTIONAL AUTOENCODERS

Figure 3.10: CIFAR-10 autoencoder with bottleneck of 8x8x8 and reconstruction loss of
0.564. In difference to the MNIST and Fashion-MNIST results, here the convolutional
autoencoder attempts to capture more of the colours than the actual features or concepts
of what makes up a class. Speculation can be made that this is because colour can be a
"loud concept” (Kazhdan et al. 2021); thus, the loss function needs to consider this.

Figures 3.8, 3.9 and 3.10 present some of the best results obtained for all of the three
datasets, showcasing the balance between compression and reconstruction loss. From
the images, it can be seen that the MNIST reconstructions are hardly distinguishable from
the originals. The results for F-MNIST are also still recognisable, but most of the details
are lost during compression. Images for CIFAR-10, on the other hand, barely resemble
the original images for the most part, which illustrates how adding the extra colour chan-
nels and complex objects increases the complexity of the problem and hence limits the
extent to which a dataset can be compressed in lower-dimensional representations. An-
other plausible explanation is that this might be caused by the "loudness” of the concept
of colour (Kazhdan et al. 2021). CIFAR-10 is also a fairly noisy dataset where the images
have already been compressed to 32x32 pixels.

Noteworthy, some of the objects in the last two images of 3.10 look similar, and a
general capture of the distribution of colours can be observed. This nding can mean
that the cross-entropy loss might be more sensitive to colour distribution change than
other important concepts (Kazhdan et al. 2020) being present in the reconstructions.

3.6 Conclusion and Future Work

This chapter presents a novel approach for automatically constructing convolutional au-
toencoders via neuroevolution architecture search methods to approximate the Pareto-
front of solutions. While some of the results, especially for CIFAR-10, are still sub-optimal,
this approach is designed to be a stepping stone towards automating the process and
making it considerably faster.

The main goal here is to speed up AutoML and allow decision-makers to articulate
preferences, offering them a set of models to choose from instead of just a single one.
However, the chosen generations and population size (for computational cost reasons)
might be still insuf cient to thoroughly explore such an enormous search space.

In conclusion, MONCAE is an effective and ef cient tool for searching for convolu-
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tional autoencoders. By allowing users to specify different reference points and choosing
from a set of generated solutions, MONCAE enables the selection of custom-tailored
autoencoders that are well-suited to speci ¢ scenarios. The autoencoders generated by
MONCAE can be used in a variety of generative models, including GANSs, stable diffusion,
and transformers.

Future work should explore scaling the algorithm for signi cantly larger datasets and
expanding the search space available by adding new hyperparameters, as well as po-
tentially achieving end-to-end neuroevolution. Moreover, given the popularity of skip-
connections in recent computer vision state-of-the-art models, they can be added as part
of the encoding and allow for an even more exible search of architectures while expand-
ing the approach to problems like semantic segmentation and object detection.



Chapter 4

RAMOSS - Resource-Aware
Multi-Objective Semantic
Segmentation

Recent advancements in Neural Architecture Search (NAS) enable the automatic discov-
ery of neural architectures that are competitive with state-of-the-art, manually designed
ones by experts (Guha et al. 2023, Kang et al. 2023, Elsken et al. 2019, Liu et al. 2021).
This new paradigm has been revolutionary since it allows the discovery of architectures to
be delegated to Automated Machine Learning (AutoML) approaches (He et al. 2021, Liu
et al. 2021). In addition, the combination of multi-objective optimisation with NAS meth-
ods such as neuroevolution (Real et al. 2020, Lu et al. 2019) or reinforcement learning
(Tan and Le 2019a) could potentially generate models that not only perform well but are
also optimised to run faster or to comply with additional constraints (Lu et al. 2019).

The previous chapter discussed the use of neuroevolution for neural architecture
search in autoencoders. As reported by Kang et al. (2023), Li et al. (2021) and He
et al. (2021), the use of AutoML (automated machine learning) has gained signi cant at-
tention in recent years as a means of streamlining the development process of machine
learning models. Moreover, neuroevolution approaches for NAS enable the exploration
of trade-offs between multiple objectives within the set of solutions provided by the al-
gorithm (Real et al. 2020, Lu et al. 2019). However, a signi cant limitation that has
hindered its widespread adoption is the time and computational resources required for
its implementation (Abdelfattah et al. 2021). The MONCAE algorithm presented in the
previous chapter demonstrated outstanding potential for accelerating the discovery of
convolutional autoencoders for popular low-dimensional computer vision datasets. Also,
it showed promise in reducing the time needed for the search. In addition, MONCAE
showcases the importance of using multi-objective optimisation often neglected in this
eld (as discussed in Chapter 2). However, MONCAE has several limitations. Firstly, it
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does not address semantic segmentation problems, which constitute a signi cant portion
of current computer vision demand in industry (estimated to be around 40% by key in-
dustry companies, according to an interview with the CEO of Tenyks Limited). Secondly,
it lacks the ability to encode skip connections, which have been crucial for the success
of CNNs (as discussed in Chapter 2 and the appendix). Thirdly, it fails to exploit the
progress of evolutionary computation algorithms. Finally, like most NAS approaches, it is
designed for low-dimensional data, and additional heuristic methods would be required
to scale it to high-dimensional datasets.

Semantic segmentation, which is vital for critical systems in domains like medicine
(Dhamija et al. 2023, Khan 2023) and security (Zhang et al. 2023a) (discussed in more
detail in Chapter 2), largely relies on manually-designed algorithms requiring signi cant
domain expertise and computational resources. U-Net architectures are a predominant
solution, manually constructed (Alsabhan et al. 2022) and possibly automatable through
NAS (Weng et al. 2019). However, most NAS methodologies target image classi cation
Xu et al. (2019), Liu et al. (2022a), Tsamardinos et al. (2022), with computational cost
being a signi cant deterrent. Several strategies, including the use of a 'SuperNet' and
weight-sharing, have been proposed to expedite the evaluation of candidate networks
(Yu et al. 2021, Liu et al. 2022b, Xu et al. 2023). Recent efforts seek to bypass the
intensive training process using pruning scores as performance proxies, although their
applicability remains primarily con ned to classi cation tasks (Abdelfattah et al. 2021).

As discussed in Chapter 2, neuroevolution, like other AutoML approaches, is mainly
aimed at classi cation problems (with some exceptions, e.g. pose estimation (McNally
et al. 2020) or object detection backbones (Operiano et al. 2020)). Hence, it is often
unsuitable as a generic solution for other problems, particularly for semantic segmen-
tation (Nagarajah and Poravi 2019). Here, the aim is to address this gap in the liter-
ature as well as the caveats of MONCAE by proposing a novel resource-aware, multi-
objective neuroevolution-based NAS approach designed explicitly for semantic segmen-
tation (RAMOSS). The contribution of this chapter is three-fold:

1. A novel encoding-decoding strategy for discovering optimal convolutional architec-
tures in semantic segmentation problems is presented and evaluated.

2. One of the critical problems in AutoML, the high computational cost, is addressed,.
Towards this goal, a new sampling approach, progressive strati ed sampling (PSS) for se-
mantic segmentation, is presented. This method allows for the reducing the training time
by several orders of magnitude while preserving the performance ranking of candidate
architectures obtained from training with the entire dataset. Thus, this is at a much higher
-suboptimal- computational cost. Overall, this sampling reduction approach renders an
optimal computational cost-test error trade-off with respect to previous approaches and,
hence, an ef cient semantic segmentation.

3. Lastly, an open-source, multi-objective optimisation benchmarking framework based
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on the approach for testing NAS strategies on a wide range of computer vision tasks, is
introduced.

Furthering the quest for more ef cient and effective AutoML that can handle high-
dimensional real-world datasets, this chapter endeavours to discover resource-aware ar-
chitectures through neuroevolution capable of performing well on semantic segmentation
tasks while also being ef cient in terms of resource usage. To this end, a search space
is designed that is able to capture the various connections between layers. This makes
the search space contain 2.4 10°* possible architectures (compared to 44 10°* in
MONCAE).

This is, to the best of the authors' knowledge, the rst resource-aware multi-objective
neuroevolutionary architecture search (NAS) method for semantic segmentation. First,
one of the main caveats in NAS is addressed (their high computational cost) with a new
technique termed progressive strati ed sampling (PSS) in Section 4.1.3. This strategy is
speci cally devised to speed up the search by order of magnitude with a minimal sacri ce
in performance. The performance of the proposed approach is demonstrated in a range of
computer vision problems, including CIFAR10 and Cityscapes datasets. The choice for
these two datasets is motivated by their popularity as established benchmarks in literature
especially in the eld of AutoML and NAS (Real et al. 2018, Liu et al. 2018, Lu et al. 2019,
Zhou et al. 2020, Chen et al. 2014, Shaw et al. 2019). This choice allows RAMOSS to
be easily compared with these state-of-the-art approaches without the need to redesign
and rerun the approaches from scratch on newly chosen ones. Moreover, in the scope of
this work, such extra experiments are rendered unfeasible because of the computational
requirements of some of them. Also, using CIFAR-10 allows the work to be used and
compared with NASBench and shows the general progression from Chapter 3 since it
was also used there.

Next, the methodology of RAMOSS is discussed (Section 4.1) with a detailed expla-
nation of how the encoding and decoding of the UNet architectures is done as well as the
connections between layers. Next, the results are presented using some standard bench-
marks and a high-dimensional dataset(Cityscapes) where RAMOSS generates state-of-
the-art competitive architectures (76.3% mean 10U, which is 4% compared to state-
of-the-art expert-designed models) at a signi cantly lower computational cost (more than
1000 times faster than some of the alternatives with up to 30 times fewer parameters with
up to 1.5% worse test error in CIFAR-10); and thus, it outperforms previous approaches
in terms of balancing performance and resources (Section 4.3). The chapter nishes with
some concluding remarks (Section 4.4) where RAMOSS is described as a stepping stone
towards more general, ef cient and effective multi-objective AutoML. A summarised ver-
sion of this chapter has been published in UKCI 2022 (Dimanov et al. 2022), where it has
gained the "UKCI 2022 Best Presentation Award”.
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Figure 4.1: Neuroevolution process stages. The main contributions are highlighted in the
shaded green boxes.

4.1 Methodology

Here, a novel multi-objective neuroevolution approach for an effective Semantic Segmen-
tation is presented, automatically providing UNet-based models in a resource-ef cient
fashion.

The approach is built with exibility in mind by allowing full freedom of connections
between layers and an option to search for different activation functions, different kernel
sizes of convolutional layers, types of pooling and beyond. This relaxation results in a
tremendously large search space, and thus, is shrunk by removing highly correlated en-
codings (see details in the next section). The genome is also compatible with multiple
optimisation libraries such as Pymoo (Blank and Deb 2020) PyGMO * and Platupys 2 3.
The architectural decisions allowed us to seamlessly compare different optimisation algo-
rithms and provided further control to the experiments. The source code of the approach
and all the scripts used to download, process, and load each dataset are publicly avail-
able and well-documented. Readers are encouraged to reproduce and improve upon the
results 4.

This work focuses on neuroevolution, hence refers to each encoded architecture as a
genome , and the collection of architecture in one generation (in the case of evolutionary
approaches) as population . The chapter follows the conventional neuroevolution skele-
ton process (Stanley et al. 2019b) illustrated by Figure 4.1, which highlights the area of
the main contribution. In addition, it is interesting to note that the encoding approach can
be adapted for optimisation with other methods, such as reinforcement learning.

4.1.1 Novel encoding and decoding approach

In order to encode an architecture, RAMOSS uses a at list of values representing differ-
ent properties for the layers of the network, similar to the approach followed in Devol ®> and

https://esa.github.io/pygmo/

2https://platypus.readthedocs.io/en/latest/

®Due to limitations on some of the libraries, it is recommended to use the approach with Pymoo.
“https://github.com/DanielDimanov/RAMOSS

Shttps://github.com/joeddav/devol
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Table 4.1: Layer parameters de ning the search space. n¢; nq are the number of convo-
lutional and dense layers, respectively (see main text).

Parameters Range
Active f0,1g

Num lters 2? ;(ﬁzmax fllt:rs
Num nodes 2 itigzmax nodes
Kernel £3,5,79

Batch Normalisation f0,1g

Dropout f0,1g

Pooling f0,1,29
Connections f igi2:‘1°+ na)

in Rostami (2014). For each convolutional layer, RAMOSS encodes all properties listed
in Table 4.1 with the exception of the number of nodes. For the dense layers (used in the
classi cation experiments), RAMOSS uses the following attributes: 'Active’, ‘Number of
nodes', 'Activation' and 'Dropout'.

Table 4.1 also depicts the search space used in the experiments and illustrates the
default ranges for each of these variables in the genome. The value of ‘connections’ for
each layer in the encoding translates to a binary upper triangular matrix row. The matrix
is (like in the NASBench (Ying et al. 2019) and DARTS (Liu et al. 2018) models) then
used to construct the network connections (see Figure 4.2).

Figure 4.2: The process of decoding integer parameters for connections to decoded
operations.

The start of the encoding of each layer is determined by each consecutive 1™ property,
where | is the layer size. In contrast to other encoding methods (Radiuk and Kutucu
2020), RAMOSS allows for macro and micro search of architectures simultaneously. As
pointed out in (Radiuk and Kutucu 2020), an essential property of neural architecture
search algorithms is that they do not only use repeatable structures but rather come
up with more exible ones, like in the present study. In this work, each architecture is
encoded using (n¢  S¢)+(ng Sg)+1 variables where n¢ is the number of convolutional
layers, s¢ is the convolutional layer shape, nq is the number of dense layers and ny is the
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dense layer shape.

For each dense layer(used only in classi cation problems), RAMOSS uses a similar
approach but with fewer variables and do not allow skip connections. Finally, the optimiser
used during the training stage is speci ed as a part of the evaluation co-routine.

While some of the parameters are straightforward, the parameter 'Active' (Table 4.1),
which speci es if the layer should be ignored entirely during decoding, is critical for
RAMOSS like in other algorithms (Lin et al. 2011, Shen eld and Rostami 2017). This
parameter models a genetic mechanism, termed Atavism (Shen eld and Rostami 2017),
which operates like recessive genes in biology. In the encoding, Atavism allows for spe-
ci ¢ layer parameters to be optimised while the layer is disabled and re-enabled in any
succeeding generation.

Next, for decoding, the encoded genome is transmuted into a full- edged TensorFlow
model, which is evaluated by training for a given number of epochs. Notably, for autoen-
coders and semantic segmentation problems, RAMOSS stores only the rst part of the
architecture (the downsampling component) and then construct the upsampling part as
a mirrored subnetwork of the former, in line with the state-of-the-art UNet-like models
approach for these problems (Taghanaki et al. 2021). This is achieved by substituting the
pooling layers in the encoder with corresponding upsampling layers, such that the out-
put shape of the network is successfully adjusted. Thus, the output consists of a single
nal convolutional layer with the same number of lIters as the number of classes to be
discovered. However, two exceptional cases exist in which decoding deviates from the
approach discussed so far. To address these exceptions, extra operations were used to
adjust layers of incompatible shapes, as will be discussed in the next section.

Uneven Iter map shape during the upsampling stage

The rst exception occurs when output mask dimensions are rounded off during the
construction of the encoder. In this situation, the decoding of the encoder part of the
network stays the same. However, a new convolutional layer is added after upsampling
to adjust the shape on the mirrored side based on the rounding-off result. Algorithm 2
depicts the process of adding the extra convolution, where n is the number of layers,
O is the set of all f O;g operations in the encoder, P is the set of pooling operations, s
is the current shape of the feature maps, k is the input shape, D is the set of decoder
operations, m is the current size of D, and e stores all feature map shapes.

To avoid any shape mismatch, RAMOSS keeps track of the shapes of the feature
maps during the construction of the encoder (in vector €) using the following rule:

. )
s7's2 o2p . _N ©
e= ) ji2 0;1l:n
s O2P

In short, the shape of the feature maps is initialised to be equal to the input shape.
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Algorithm 2: Constructing decoder part. Logical brackets are coloured for leg-
ibility. [Highlighted section shows how one of the limitations of MONCAE is
resolved, permitting the use in segmentation problems by adding UNET-speci ¢
skip-connection in addition to the other per-layer connections discussed in this
chapter.

Data: e;n;s;k;O;P

Result: decoder operations

D ;

for i = n-1to 0do
if O; 2 P then

| D D[ G
else
D D[ upsample

D D] add(Oi;Dm)
s s 2
end
A (s 2 22e
B s 22e
C (s 2 2=k
if(s 2Zze) (A _(B”"C))then

D D conv((3;3);valid)

Then the up-sampling layers are used to facilitate the 2x increase of the shape and an
extra convolutional layer with valid padding and 3x3 kernel size to do the -2 subtraction
from the shape.
Connections for layers with incompatible shapes

The second exception happens when two layers with incompatible shapes should be
added together based on the encoding. Then, all inbound layer connections to the layer
currently decoded are taken together with the shape of the current layer as the reference
shape s;. Then, iterating over the layers for addition (la) the shape of each of them is
adjusted to match the reference layer using pooling operations for decreasing the shape,
up-sampling operations for increasing the shape and adjustment convolutional operation
in case the exception from Section 4.1.1 occurs.

4.1.2 Benchmarking framework

Pymoo framework (Blank and Deb 2020) is used to control the experiments better and
explore the bene ts and caveats of different optimisation algorithms. Pym allows us to
plug-and-play a range of different optimisation algorithms like NSGA2 (Deb et al. 2002b) ,
NSGAS3 (Yuan et al. 2014) , Differential evolution (Price 2013) and many more. Moreover,
to facilitate the adoption of the approach, the whole codebase and a means to change
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the optimisation algorithm easily is provided as well as the input datasets and means
to customise the method. In addition, some dataset loaders are included to be used
out-of-the-box, including MNIST (Deng 2012) , CIFAR10 (Krizhevsky 2009), Oxford Pets,
Cityscapes and more. The framework is modular, so adding new objectives or whole
objective functions can be easily performed.

Noticeably, although Pymoo is the main supported optimisation library, it can easily be
interchanged with any other optimisation framework with minor adjustments to the code.

Researchers are encouraged to use the tool and report the results of their experi-
ments. This new data would populate the benchmarking framework and foster the com-
parison approach’s robustness.

The multi-objective optimisation is based on the Hypervolume indicator metrics (HV
or Z-metric, (Guerreiro et al. 2020)) described in Chapter 3. To refresh it, it is de ned as:

0 1
[
HV G = @7 101 ) fm(xifiT oA (4.1)

Xj2X
where f:::f , are the m speci ed objective functions, and firef is the reference point in
the m-dimensional solutions space for the objective function f;. Finally, r is the vector
containing all reference points and X is the set of proposed solutions xj 2 X, where
each x; is an m-dimensional vector characterising the model, and is the Lebesgue
measure (Guerreiro et al. 2020).

The de ned search space and hyperparameters are easy to adjust in the implementa-
tion. In contrast with some previous approaches (Real et al. 2017, Lu et al. 2019, Liu et al.
2019a), the space can be seamlessly expanded to search for other hyperparameters and
for using new datasets. In the experiments, a maximum of 12 layers is speci ed based
on the range resulting nal layers and the average maximum number of layers used in
the selected approach for comparison. See Section 4.3 for further discussions on the
hyperparameters employed in each experiment. The size of the original search space of
possible parameters for the CIFAR-10 search is 224  10°4, or 4.4 10** excluding con-
nections. This vast search space suggests the need for a better initialisation technique to
facilitate the practical exploration of the optimal space regions.

An alternative approach is to rst decrease the search space size to 1:8 10%® by ig-
noring the parameters controlling the number of Iters and number of nodes and building
architectures with the maximum number of Iters. Then, pruning and dropout techniques
can be used to remove the unused parameters (Blalock et al. 2020). This idea is out of
the scope of this thesis, but it is a promising direction that should be addressed in future
work.
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4.1.3 Progressive Strati ed Sampling (PSS)

Neural architecture search typically requires a vast amount of computational resources
(Stanley et al. 2019b). Thus, training NAS approaches, even for a few generations, can
result in GPU computational costs in the order of days (Real et al. 2018). For exam-
ple, consider one of the experiments consisting of computing 10-20 generations with a
population size of 20. Each model is trained for ve epochs before it is evaluated on
the validation set. In this setting, reducing the training time per epoch by just 1 second
reduces the search cost by 2000 seconds. Motivated by this result, a new method is de-
vised that is termed Progressive Strati ed Sampling (PSS), which allows us to effectively
train models on a subset of the data through downsampling the dataset by a customis-
able factor (5-10 in the experiments). The process, described in Algorithm 3, shows how
the dataset splits operate during training and validation.

In short, the models are trained by iteratively picking one of the prede ned PSS splits
as the generations progress. This method allows models from each it" generation to
compete pretty by training on the same data D|ioss split but, at the same time, to be eval-
uated on unseen data before (the next PSS split D‘pgé). This technique would render a
good approximation of the model performance if it were trained with the entire dataset
(see results section).

For multi-class problems (such as CIFAR10), the strategy is easily implemented using
standard k-fold strati cation sampling processes (such as the one provided by Scikit-
learn®). However, for semantic segmentation or multi-label problems strati cation is not
de ned. Thus, strati cation in the context of semantic segmentation is implemented by
creating the dataset splits, as described in Algorithm 4, where cl is one of the target
classes, and rec is the record being processed.

Algorithm 3: Evaluation process with PSS, where D ,ss is one of the PSS splits
of the dataset, and i is the generation index.
Data: Dpss  dataLoader(D pss)
Function Evaluate (model, D pss):
for i 0t0 Ngenerations dO
Model train (model; D;)ss);

r eval(model; DS ")y

sy

end.

Shttps://scikit-learn.org/stable/modules/generated/sklearn.model_selection.
StratifiedKFold.html
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Figure 4.3: Mean, standard deviation, maximum and minimum values of pixels of each
class compared between two PSS splits and the original dataset. Only two out of the ten
splits are shown to enhance legibility.

Algorithm 4: Generating PSS splits (cl: a target class, row: current image).
Data: D data

Diaple loadAsTablgD) ;
for cI  0to Ng¢jasses dO

‘ Diaple[cl]] countPixels(D;cl) ;

end

while length of D zpe > 0 do

for i 0to ngpjits do

for col 0to columns of D igpe do
row  max(Dapie[col]);
split  split [ row ;
Dtable  Dtaple NTOW ;

end

Dpss Dpss[ split;

end

end

As a representative example of this algorithm, Figure 4.3 shows the boxplot diagram
of two of the PSS splits for the Cityscapes dataset compared to the original data. The
x-axis (0-19) shows the 20 classes in Cityscapes, and the y-axis indicates the number
of labelled pixels for the corresponding class in each split. A small comparative study is
also conducted to examine the bene ts of using PSS over random sampling (please refer
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Figure 4.4: Mean, standard deviation, maximum and minimum values of pixels of each
class compared between several random splits and the original dataset. Only 6 out of 10
splits are shown for legibility.

to the next section). As illustrated in Figures 4.4 and 4.3, the distribution of pixels per
class in each split is very close to the original one, with the exception of some outliers
for a minority of classes. However, although distributions are similar, the key remaining
question is how well PSS will integrate with RAMOSS. This will be discussed next in
Section 4.3.

4.2 Experimental setup

Before proceeding with the results, it is essential to de ne the experimental setup, the
used dataset and metrics. As mentioned in Chapter 2, one of the most popular metrics
for segmentation datasets is the Intersection-Over-Union(IOU) score (Cordts et al. 2015,
Chen et al. 2014, Liu et al. 2019a). For classi cation problems metrics such as accuracy,
precision and recall might be adequate to describe the performance, but for problems
such as object detection or semantic segmentation, they are not generally used as they
fail to capture salient information and successfully inform how well a given model is per-
forming overall and this crucial information is needed for decision making(Goodfellow
et al. 2016b). Such problems require more detailed metrics that can account for some
margin of error.

The intersection-over-union (IOU) (Nowozin 2014) metric calculates the base overlap
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of the predicted bounding box or segmentation mask with respect to the label. This is
one of the most popular metrics used in the eld of segmentation (Cheng et al. 2021) The
rst operation is the intersection calculation, and then it is divided by the union, signifying
a percentage of overlap. Completing the process over the whole dataset iteratively yields
a score for each class. The mean IOU is a single score, which is averaged over the
IOU scores of all classes. IOU and mean 10U serve as a more informative measure
to understand a model that is predicting roughly where different points of interest are
positioned as well as what part of these objects is correctly classi ed as opposed to
simply counting the number of pixels the model got correctly.

The data used here comes from a dataset called Cityscapes (Cordts et al. 2015)
(example from the dataset presented in Figure 4.5, which is a semantic segmentation
dataset composed of 30 different classes.

The dataset can be used for multiple tasks since the provided labels allow researchers
and practitioners to use not only the provided segmentation masks in different resolutions
but also in a variety of other formats, which are not the focus of this work. Cityscapes is
one of the most widely used tasks for semantic segmentation, and currently, state-of-the-
art performances on this dataset reach up to 80% mean IOU (Liu et al. 2019a).

The dataset provides high-resolution images (2048x2048 pixels) mainly from dash
cameras, and the photos depict everyday situations on-road or everyday life objects. The
data is collected from 50 different cities during different seasons, and all images are in
daylight with several weather conditions (Cordts et al. 2015). The dataset also provides
valuable metadata, such as GPS coordinates of each image, as well as preceding and
trailing frames from the video feed, but the use of the metadata is out of the scope of this
study. Labels for pixel-level, instance-level and even panoptic semantic segmentation are
provided, and there are 5000 images with ne labels (meaning the pixel-level masks are
pixel-perfect or near pixel-perfect) as well as 20000 coarse labelled masks.

The 30 classes in the dataset are split into 8 different categories - at, human, ve-
hicle, construction, object, nature, sky and miscellaneous (also called void). During the
evaluation, not all of the classes are used, and only 20 out of the original 30 are, in fact,
responsible for determining how good models are according to the of cial benchmark
(Cordts et al. 2015).

PSS evaluation :

One of the main speed-ups of RAMOSS is achieved through the PSS strategy. Here,
the effectiveness of PSS is tested to determine if the training with PSS splits will yield
a similar performance ranking of solutions to training with the full dataset. This heuristic
will allow RAMOSS to train using PSS instead of the full dataset, which can speed up
the method proportional to the chosen number of PSS splits. Strati cation is standard in
classi cation problems (Zhang and Wu 2012, Ye et al. 2013). Thus, to thoroughly validate
the PSS approach, the focused is shifted to semantic segmentation and, in particular, on
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