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Abstract

This century’s technical advances in hardware and the advent of big data set the

stage for the thriving of deep learning, an archetype of machine learning (a sub-

field of artificial intelligence). Therefore, there are high expectations for deep

learning applications in areas where data is rich and fundamental, such as med-

ical image analysis. Nevertheless, deep learning alone might not be enough to

fulfill the requirements of real-world applications, and factors like the system’s

complexity and high resource demand start to inhibit the adoption of this tech-

nology.

Hybrid intelligent systems combine different artificial intelligence paradigms

to overcome the limitations of singular methods. This thesis covers the research

of hybrid approaches that incorporate deep learning models for the automatic

classification of medical images with other artificial intelligence approaches to

improve the efficiency and practicalness of the final system.

The issue of the increased complexity of these systems is tackled by research-

ing the pivotal characteristics of these types of models and developing an opti-

mization algorithm that automatically generates effective and low computational

complexity models for a target task, permitting the practical use of this technol-

ogy to non-expert machine learning users. Then, a neuro-inspired novel unit is

proposed to transform the current paradigm of convolutional neural networks,

which are mainstream for image analysis systems. The proposed unit aims to

align artificial neural networks more closely with the learning mechanisms of the

human brain.

Finally, a hybrid learning method is proposed to automatically generate op-

timized models of image classification by merging the previously proposed ap-

proaches and model fusion, a strategy that has been successful in recent years in
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generating deep learning models with better classification performance than sin-

gular models and lower computational demand than other prevailing methods in

the field.

Keywords:
Image classification, Medical image analysis, Convolutional neural networks, Hyper-

parameter optimization, Genetic algorithm, Artificial astrocytes, Model fusion, Hybrid

intelligent systems
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Resumen

Los avances técnicos de este siglo en equipo computacional y la llegada de la

era de big data sentaron las bases para el progreso del aprendizaje profundo,

un arquetipo del aprendizaje automático (un subcampo de la inteligencia artifi-

cial). Por esta razón, existen grandes expectativas para las aplicaciones de apren-

dizaje profundo en áreas donde los datos son abundantes y fundamentales, como

el análisis de imágenes médicas. Sin embargo, el aprendizaje profundo por sı́

solo podrı́a no ser suficiente para satisfacer los requisitos de las aplicaciones del

mundo real, y factores como la complejidad de estos sistemas y su alta demanda

de recursos comienzan a inhibir la adopción de esta tecnologı́a.

Los sistemas inteligentes hı́bridos combinan diferentes paradigmas de inteligen-

cia artificial para superar las limitaciones de los métodos singulares. Esta tesis

aborda la investigación de enfoques hı́bridos que incorporan modelos de apren-

dizaje profundo para la clasificación automática de imágenes médicas con otros

enfoques de inteligencia artificial para mejorar la eficiencia y la practicidad del

sistema en su conjunto.

La problemática causada por la creciente complejidad de estos sistemas se

aborda investigando las caracterı́sticas fundamentales de este tipo de modelos

y desarrollando un algoritmo de optimización que genere automáticamente mod-

elos efectivos y de baja complejidad computacional para una tarea especı́fica, lo

que permite el uso práctico de esta tecnologı́a a usuarios inexpertos en apren-

dizaje automático. Luego, se propone una nueva unidad de inspiración neu-

rológica para transformar el paradigma actual de las redes neuronales convolu-

cionales, que son componentes fundamentales de sistemas de análisis de imágenes

actualmente. La unidad propuesta tiene como objetivo alinear las redes neu-

ronales artificiales más estrechamente con los mecanismos de aprendizaje del
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cerebro humano.

Finalmente, se propone un método de aprendizaje hı́brido para generar au-

tomáticamente modelos optimizados de clasificación de imágenes mediante la

combinación de los enfoques propuestos anteriormente y la fusión de modelos,

una estrategia que ha tenido éxito en los últimos años en la generación de modelos

de aprendizaje profundo con mejor desempeño de clasificación que los modelos

singulares y menor demanda computacional que otros métodos prevalecientes en

el campo del aprendizaje profundo.

Palabras clave:
Clasificación de imágenes, Análisis de imágenes médicas, Redes neuronales convolu-

cionales, Optimización de hiperparámetros, Algoritmo genético, Astrocitos artificiales,

Fusión de modelos, Sistemas inteligentes hı́bridos
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Glossary

AI artificial intelligence.

ANN artificial neural network.

AutoML automated machine learning.

BO bayesian optimization.

CAT-ACC categorical accuracy.

CBAM convolutional block attention module.

CCA canonical correlation analysis.

CNGN convolutional neuron-glia network.

CNN convolutional neural network.

conv convolutional.

CT computed tomography.

CV computer vision.

DL deep learning.

F1 macro-average F1 score.

FC fully connected.

FLOP floating point operations.
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FPS frames per second.

GA genetic algorithm.

GELU gaussian error linear unit.

GS grid search.

h-swich hard-swish.

HPO hyperparameter optimization.

LLM large language model.

Macro-REC macro-recall.

Macro-PREC macro-precision.

Macro-SPEC macro-specificity.

MCC Matthew’s correlation coefficient.

ML machine learning.

MLP multi layered perceptron.

MRI magnetic resonance imaging.

NAS neural architecture search.

NFLT no free lunch theorem.

NGN neuron-glia network.

NLP natural language processing.

PAPA population parameter averaging.

PWCCA projection weighted canonical correlation analysis.
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ReLU rectified linear unit.

RS random search.

SeLU sigmoid linear unit.

SGD stochastic gradient-descent.

SNN spiking neural networks.

SVM support vector machine.

TanH hyperbolic tangent.

ViT vision transformer.
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Chapter 1

Introduction

Artificial intelligence (AI) is perhaps the field that holds more expectations cur-

rently. Namely, machine learning (ML), a subfield of AI encompassed by data-

driven approaches, enjoys a prosperous present thanks to the technological ad-

vances of the century, the well-established research that started several decades

ago, and the advent of the big data era. However, no progress goes without chal-

lenges, and those of modern AI are many. AI has previously experienced periods

of apparent prosperity that generated anticipation about the possible advances it

would bring to several fields, which failed to deliver. Now, from the hand of deep

learning (DL), a subtype of ML, AI, has a new opportunity to transform almost

every aspect of the contemporary world.

DL has been particularly successful in applications with spatially arranged

data, such as images. Therefore, this technology holds great promise as a means

to develop the next generation of systems for medical image analysis, with signif-

icant expected outcomes, including increased diagnosis efficiency, empowerment

of physicians, and enabling low-cost universal access to medical diagnosis. How-

ever, DL, like any other approach, has its weaknesses, and it alone might not

fulfill the requirements of medical image analysis applications. We shall learn

from past failures and not put all our hopes in a single strategy. Hence, hybrid

approaches take the spotlight as an alternative to reach the promised land.

This thesis covers the research for hybrid intelligent systems that fulfill the

current required and desired features of medical image classification systems. As
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the name suggests, intelligent hybrid systems integrate different approaches or

paradigms of AI to improve the characteristics and performance of the singular

methods.

Initially in this thesis, two distinct branches are investigated with different ob-

jectives. The first research direction regard is automated machine learning (Au-

toML) based on the optimization of simple convolutional neural network (CNN)

models, offering a solution to the problem of the increased complexity of state-

off-the-art DL systems that inhibits its scalability and practical use in limited-

resources conditions, as well as its spreading to the less-experienced community

of users, which slows down its application in other research areas. The second re-

search path involves developing and analyzing a new brain-inspired unit compat-

ible with current DL systems, bringing them closer to the brain’s neural networks,

which are their original inspiration, intending to improve the current learning

paradigm of DL. Finally, this thesis culminates by presenting a third approach,

connecting the two former researched methods on a single framework that auto-

matically produces CNNmodels for image classification. The proposed approach

consists of the hybrid learning of the optimal model architecture and training

conditions (hyperparameters) along with its parameters for the target task’s do-

main.

We shall start at the beginning. So, the following section of this introductory

chapter serve to acquaint with the fundamental concepts for the subjects treated

in this thesis and the current state, challenges, and expectations of intelligent

systems for medical image classification.

1.1 Core concepts and current context of the field

1.1.1 Image classification

Image classification can encompass many different tasks in the automatic inter-

pretation of an image. However, its essence is assigning labels to images from

a predefined set of categories [1]. To analyze an image, we use the character-

istics of the objects in it. Perceiving such characteristics, like colors, textures,

spatial locations, etcetera, seems trivial for humans since evolution increased our
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dependency on visual information, and our brains adapted to process, analyze,

and interpret visual cues [2]. However, for machines, this has proven to be an

extraordinary endeavor. Computer vision (CV) focuses on the inverse problem

of retrieving information from images and reconstructing the properties of the

objects or situations that they depict [3].

The very first step to processing images using machines is representing visual

information in a manner computers can comprehend. Here, we introduce the

term digital image. A finite number of spatially-arranged elements called pixels

compose a digital image [4]. Pixels are discrete finite quantities that describe the

intensity of a given color in the spatial location of the image they represent. Color

images use three color intensities (red, blue, and green) to recreate the colors in

the visible spectrum. Digital images that use this system consist then of three

different stacked color maps (called channels). There are other types of image

representations. In this thesis, we use the above-described one.

By this, digital images are just arrangements of pixels: how can we give mean-

ing to these quantities to describe the properties we see in the images they de-

scribe? The difference between how humans perceive an image and its compu-

tational representation is known as the semantic gap [1]. To close this gap, we

encode the digital representations of an image to quantify its attributes. This pro-

cess is called feature extraction and is central for any CV task, including image

classification.

CV relies on physics-based and probabilistic models [3] to extract the features

from a digital image to analyze its contents by quantifying its characteristics. For

image classification, the features are the input for a classification algorithm (often

simply referred to as a classifier), which typically is a ML model. The classifier

outputs the label to categorize the image from a predefined set of categories.

There are two types of features in the context of image classification: (1) hand-

engineered or hand-crafted features, which are extracted using image processing

algorithms and mathematical techniques, and (2) machine-learned features that,

as the name suggests, are automatically learned and extracted using ML. The last

decade’s technological advances allowed the application of DL for automatic fea-

ture extraction with remarkable success [5–8]. Thus, CV is a multidisciplinary

field closely related to AI.
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1.1.2 Deep learning

Deep learning is an ML subfield that uses stacked layers of artificial neural net-

works (ANNs) to learn patterns from vast amounts of data [7, 8]. Even though

ANNs draw inspiration from the brain, they do not try to mimic its functionality

realistically [1]. Instead, ANNs are basic models with parallelisms with the be-

havior of the brain [1]. The field of ANNs has been around since the 1940s, with

its origins in studies of other related fields, such as cybernetics and connection-

ism [1,9].

In 1943, McCulloch and Pitts [10] came upwith the first neural networkmodel

capable of statistical learning [1,11]. Rosenblatt [12] made the next breakthrough

for ANNs during the 1950s with the Perceptron model, which architecture is still

the ground for many ANNs models. Also, it set the basis of the gradient-based

training methods for learning the synaptic weights on ANNs [1].

In the 1960s, the field of AI experienced its first boom, a period of big hype

impulsed by expert systems (another AI subfield). CV started as a formal study

field at the beginning of the 1970s as a consequence of the first AI boom, and

it was initially thought of as the perceptual component of an over-enthusiastic

agenda to empower machines with human intelligent behavior [3].

Yet, soon after, Minsky and Papert proved that the perceptron (a simple neural

networkmodel with a single layer) was a linear classifier incapable of solving non-

linear problems [13]. This situation, along with the disillusion provoked by the

unreal expectations in expert systems [11], caused the beginning of the first AI

winter, a period of nearly a decade where the funding and interest for the field

almost disappeared [1,11].

Then, in the 1980s, expert systems were once again responsible for a shift

in the field of AI. Cases of success of expert systems on industrial applications

renovated the interest of investors in AI, and a new wave of funding for research

impulsed the field [11]. This period is known as the second AI boom [11].

During these years, the development of the back-propagation algorithm, the

application of non-linear activation functions on the neurons, and the technolog-

ical progress allowed ANNs researchers to train multi-layer feedforward neural

networks capable of learning non-linear functions [1,7]. Thanks to these advance-
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ments, ANNs became universal approximators capable of approximating any con-

tinuous function [1]. Nonetheless, there is no assurance that a specific ANN can

learn the parameters needed to represent a given function [1].

At the end of the 1980s, the difficulty of translating the new research to the in-

dustry and the maintenance costs of the expert systems that originated the second

AI boom set the start of the second AI winter [11]. That marked the end of the

expert systems’ predominance in the field. ML approaches have received more

attention [11] ever since.

Nowadays, we are living in the third AI boom, driven by DL [1,11]. The avail-

ability of fast computers, specialized hardware, and big training datasets made

it possible to train networks with many more hidden layers capable of hierarchi-

cal learning [11]. A particular type of ANN led the way for applied DL: CNNs,

which advanced the field of CV due to their powerful properties for image analy-

sis [1,14,15].

CNNs became the standard for CV applications during the last decade [14,

16, 17], leaving many other CV techniques superfluous. Nevertheless, the ad-

vent of transformers [18], another type of ANN, ushered in a revolution for DL

applications. Transformers were originally conceived to process sequential data,

especially for natural language processing (NLP). Yet, due to their outstanding

performance, this type of ANN quickly spread to other tasks, including image

classification [14,19].

1.1.3 Automatic medical image classification

Nowadays, AI is extending throughout almost every aspect of our lives. And,

people have come to believe, expect, and accept that it will have a key supporting

role in medicine [20–22].

In medical care, the critical tasks of diagnosis and prognosis continually rely

on the analysis of different types of medical images, such as X-rays, magnetic

resonance imaging (MRI), and computed tomography (CT), among others, which

routinely, physicians assess based on their knowledge and experience [23, 24].

ML systems are powerful support tools for human experts in medical image anal-

ysis [20, 22–26], and, at research level, DL applications have been exceptionally
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successful in image-intensive medical specialties [8, 20–23,27] for image classifi-

cation, segmentation, detection, and localization [22–24,28].

Different studies show that DL has matched or even exceeded human per-

formance in image classification [7, 8, 29], including those of the medical do-

main [20, 22, 23, 25, 26, 30]. For instance, a study compared the performance of

a CNN against 21 board-certified dermatologists in the classification of biopsy-

proven clinical images, finding that the DL algorithm has comparable perfor-

mance to that of the specialist physicians [30]. Therefore, there are high hopes

for future DL applications in the medical field [8,11,20–23].

Many authors have pointed out the appeal of assessing medical images using

AI-based algorithms. Some of the most expected outcomes are:

1. Increased efficiency and objectivity: AI-based systems are much more effi-

cient than actual physicians at analyzing massive amounts of data quickly

[8,20,22,23,26,29], without affecting their analysis by tiredness or personal

biases. Nevertheless, DL approaches are data-driven and can be affected by

biased sampling [8,11,21], and the resulting models are only as good as the

data used for their development [7,20,31]. Biased sampling is notably dan-

gerous in the development of ML systems with medical applications since it

can have repercussions on the diagnosis, prognosis, or treatment quality of

patients.

2. Algorithms for medical image classification capable of operating on mobile

devices can have a prominent social impact by enabling low-cost universal

access to medical diagnosis [30]. Still, these systems should have a support-

ing role in the medical practice, and they can not replace physicians [23].

3. AI-based systems for medical image analysis can cooperate with physicians

during practice as a second observer, boosting their performance [8, 22, 25,

26,28] or even for educational purposes [32].

A desired property of future AI-based systems for medical image classification

is the capability of performing in real-time in a clinical setting [25,28]. As stated

before, in the near future, AI will have a supporting role in medicine. There

are areas such as gastroenterology where physicians have to make decisions in
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real-time during exploratory procedures according to the findings in the images

[25,28].

A worry that keeps coming up about DL in medicine is the black-box condi-

tion [8,11,21,22,25–27], which refers to the lack of interpretability in DLmodels.

Even so, interpretability is hardly ever defined, and it is not a monolithic concept

since it has many different interpretations [33]. In that sense, for DL applications

in medicine, interpretability corresponds to the possibility for a human to under-

stand the relationship between the system’s predictions and the information that

led to those outcomes [34].

1.1.4 Intelligent systems for medical image classification: Cur-

rent state and open challenges

Convolutional Neural Networks vs Transformers

Let us begin by addressing the fundamental issue. At present, there is no prevail-

ing DL paradigm for CV applications. A lot has happened in this regard during

the realization of the research of this thesis. Let us briefly cover the last few years

of the transformers vs CNNs dilemma.

The self-attention mechanism is the foundation of transformers [18]. Soon af-

ter this type of ANN overcame the other methods in NLP, many studies adapted

the technique of self-attention to CNNs [19]. However, the vision transformer

(ViT) [19] released in 2020 marked a new era by challenging the supremacy of

CNNs in CV applications [17]. The ViT architecture makes the fewest changes

possible to the original Transformer to use it for CV tasks, namely, image classifi-

cation. Hence, ViT does not include any image-specific inductive bias beside the

first layer that patchifys the input [17].

ViTs achieve outstanding results when pre-trained with large datasets and

transferred to tasks with fewer data [19]. The idea that ViTs scaling properties

enabled them to outperform standard CNNs models on image classification with

larger models when big datasets are available became popular. Nevertheless,

ViTs did not spread as the standard backbone for CV applications, and CNNs

prevailed in the field for their desirable properties, such as better computational
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efficiency [17]. A major limitation of the standard ViT in CV is its global attention

design that delivers quadratic complexity with respect to the input size, which is

a problem as the resolution of the inputs increases [14,17].

To overcome the vanilla ViT limitations for CV, hierarchical transformers adopt

a hybrid method, which introduces sliding window behavior (similar to that of

CNNs) to transformers [17]. A successful example of this approach is the swin

transformer [14], which achieves state-of-the-art performance in many CV tasks

besides image classification [17]. Nevertheless, this success indicates that: “the

essence of convolution is not becoming irrelevant, rather, it remains much de-

sired and has never faded”, Zuang et al. [17].

Transformers were starting to relegate CNNs for their better performance in

some CV tasks despite the other advantages that these have. Then, a study [17]

demonstrated that the dominance of transformers approaches in CV tasks was not

specifically for the scaling properties of transformers but also due to differences

in the training procedures and design choices of their elements. This study up-

dated a standard CNN with state-of-the-art computational modules and training

techniques, achieving competitive or even better performance than transformer-

based models while preserving the efficiency of CNNs.

The debate about whether it is better to use CNNs or transformers for im-

age classification is still open [35, 36]. Numerous recent studies are comparing

the performance of both paradigms, delivering different conclusions [35–42]. Al-

though the majority claims that Transformer-based approaches show better prop-

erties than CNNs in CV tasks, many studies deliver misleading results, affected

by the choice of architectures, training conditions, and evaluation metrics [35].

A recent comparative analysis between the state-of-the-art architectures of both

paradigms found no meaningful differences in their performance in different CV

tasks when trained in optimal conditions for each of them [35].

Ensamble models and model fusion

Ensemble models are an approach that fuses several models to perform a single

task [43, 44]. Ensemble models usually have better classification performance

than individual models at the cost of an increase in computational demand and
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model size [28, 43–45]. Yet, it is a prevalent practice for the development of AI

solutions [7, 43, 44, 46, 47], including those for medical image classification [28,

46–48].

In the last few years, new types of model fusion have arisen, particularly

weight averaging [43–45, 49, 50], a technique that fuses the parameters of simi-

lar models, resulting in an individual model with better performance, preventing

the characteristic overload of computational resources generated by traditional

ensemble techniques.

Brain-inspired approaches

As stated before, the current ANN paradigm uses connectionist models that are

a simplified abstraction of their biological counterparts. DL uses arrangments

of stacked ANNs. The specific configuration of an arrangement of ANNs is re-

ferred to as architecture. The everlasting pursuit to improve the performance of

these models in terms of accuracy has led to an increase in the complexity of their

architectures, provoking issues of interpretability, generalization, and efficiency.

Since AI has historically found inspiration in the human brain function, many

authors have stated that new brain-inspired solutions can be found to these cur-

rent issues [51–53]. Therefore, research in this direction has acquired importance

during the last few years.

Neuromorphic computing and spiking neural networks (SNN), a type of neu-

ral network based on the dynamic modeling of the biological behavior of neurons,

have gained attention as a solution for the development of models for real-world

applications due to their higher energetic and computational efficiency when

compared to traditional computing and ANNs [54–56]. However, SNNs have not

reached the classification performance of ANNs and are complicated to train be-

cause of their inadequacy to function with gradient-based optimization [54, 55],

which is the core of modern ML training algorithms.

On a related topic, there is research attempting to close the gap between the

traditional connectionist models of neurons that prevail in today’s ANNs and

contemporary neuroscience findings that have shifted the previously believed

paradigms about how the brain learns and forms memories. Some exciting new
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methods try to introduce new elements into the current ANN paradigm that ac-

count for elements that are now known to be fundamental for the brain’s infor-

mation processing. Two predominant examples are studies developing and im-

plementing units that mimic the dendrites’ function into ANNs [57–59] and re-

search on artificial glial units to complement ANNs [60–64].

AI hybrid systems

In the context of AI, hybrid systems, hybrid approaches, hybrid methods, or hy-

brid frameworks denote the combination of different knowledge representation

schemes, AI models, and learning procedures to solve a task [65]. Several au-

thors have identified the potential of hybrid approaches to enhance the perfor-

mance of intelligent systems for image classification, particularly in the medical

domain [8, 22, 66–69]. Hybrid methods are viewed as a possible solution to over-

come the scarcity of data and interpretability issues [8].

Either of the discussed current research directions seems to point in a sim-

ilar direction: hybrid systems. Whether the combination of the inductive bi-

ases of CNNs and the self-attention mechanism of transformers, the combination

of multiple ML algorithms with ensemble approaches or fusion techniques, or

the combination of paradigms jointing the connectionist models with brand-new

neuroscience-inspired units.

On the other hand, the complexity of hybrid models can be a limitation to

their adoption in medical image analysis in real-world settings, particularly if

they pose a liability for their computational demand and because their complexity

may lead to suboptimal performance and generalizability [8].

Open challenges and main takeaways

Image classification confronts many challenges, including the selection of train-

ing data and methods for image processing and pattern recognition [8, 66, 70],

and, in the medical domain, validating the algorithm with medical expert knowl-

edge is particularly noteworthy [11, 21, 22, 25, 28, 29, 66]. For DL developments

in the medical field, a central challenge is the availability and size of datasets,

reasons why DL models for medical image classification must rely on techniques
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such as transfer learning and data augmentation [8,28,29].

Besides achieving high classification performance, medical image classifica-

tion algorithms must identify the significant regions of the images for classifi-

cation [66]. Class activation maps or saliency maps have been recognized as a

solution to the interpretability issue of DL for medical image analysis [25,34,71].

Quoting Reyes et al. (2020) [34]: “saliency maps can be integrated easily into the ra-

diology workflow because they work at the pixel level; hence, these visualization maps

can be fused or merged with patient images and computer-generated results.”

Another concern of implementing DL in medicine is the computational re-

sources requirements, which may hamper the scalability and practical use in

limited-resources environments [7,8,29,31]. Previous studies have demonstrated

that a proper configuration of hyperparameters is a determinant factor for the

final classification performance of a DL model in the medical field [8].

Zhuang et al. [17] reached an intriguing conclusion in their research that cul-

minated in a new family of CNNs that surpassed the state-of-the-art models for

image classification (Transformer- and CNN-based). It points out that the tech-

niques and methods they used for their development were not at all new since

they have been studied individually before but not collectively. This argument is

influential for this thesis since it suggests that we might already have the tools we

need to achieve the desired performance for a given application of AI. We only

need to find the correct configuration of existing techniques. A clinically compe-

tent DL method should consider classification performance in terms of accuracy

and inference speed. An optimized combination of CNN models can be the solu-

tion to this [28].

Judging the capacity of a DL model only by its number of parameters or size

is misleading since any ANN is a universal approximator (having enough number

of parameters), yet the interaction of inductive biases and training procedures is

fundamental in finding models that effectively generalize outside the scoope of

the training data [35]. Previous studies have demonstrated that a proper config-

uration of hyperparameters is key for the final classification performance of a DL

model in the medical field [8].

These arguments motivated this research for a hybrid approach to optimizing

smaller CNNs models to meet the classification performance and inference speed
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requirements for medical image classification.

1.2 Thesis overview

A summary of the content of the thesis is presented to serve as a guide for the

reader. Chapter 1 handles an introductory passage that offers an overview of AI

history with a focus on CV and DL to conclude with the current state, open chal-

lenges, and expectations of AI for medical image analysis, providing the context

in which this thesis has been done. The first chapter also helps to get acquainted

with fundamental concepts, such as image classification, CV, ML, DL, etcetera.

Chapter 2 describes in detail all the needed concepts for an in-depth under-

standing of the research displayed in this thesis from a technical perspective.

Readers with experience in ML and DL can skip this chapter, and readers who

are novices to the subject of AI, ML, or DL can skim through the chapter and go

back to specific sections when needed. Not the whole disclosed information is

needed for every single other chapter, but all the information that the reader may

need is there to consult at any time.

The research component of the thesis is presented in the subsequent three

chapters (3, 4, and 5), each of which stands alone. However, it is recommended

that the reader follows them in the order they appear for a better understanding

of the significance and scope of the contributions of this thesis as a whole.

Chapter 3 tackles the relevant issue of hyperparameter optimization (HPO).

Any ML algorithm comes with the ordeal of selecting the appropriate hyperpa-

rameters to extract the capacity of the models in the singular conditions of the

task at hand. The hyperparameter configuration of DL systems is particularly

challenging because of the complexity of the systems. During this chapter, an

analysis is made to determine the influential hyperparameters that shall be opti-

mized to increase the classification performance of CNN models. Then, a genetic

algorithm (GA) is proposed as the backbone of a brand-new framework that auto-

matically generates optimized models for image classification. Hence, this chap-

ter covers the development of a hybrid intelligent system that combines a GA for

HPO and CNNs for image classification.

A novel type of ANN is proposed in Chapter 4. Recent neuroscience findings
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have shifted the way we understand brain operation. DL has its origins in con-

nectionist models of neurons from decades ago. Therefore, it is logical to update

these models with contemporary knowledge. This chapter explores the devel-

opment and analysis of a new artificial unit that resembles astrocytes, a type of

glial cell that is now known to be fundamental in learning and memory. The

proposed artificial astrocyte is introduced into the existing DL models, creating a

new paradigm: convolutional neuron-glia networks (CNGNs).

Chapter 5 takes on the research made in chapters 3 and 4, soothing the weak-

nesses of the proposed systems by merging them using a model fusion technique,

combining their respective attributes in a new hybrid framework that learns both

the parameters and hyperparameters of models at the same time and produces a

single optimized model for image classification.

Finally, Chapter 6 encompasses the conclusions of the performed research as

a whole and provides a discussion of the implications of the results, their sig-

nificance, and the author’s interpretation of them. Additionally, some possible

future research directions are analyzed, considering the current context of AI as

a technological tool and its transformation potential in our society.

1.3 Contributions of the thesis

This thesis deals with the research and development of hybrid intelligent systems,

which combine different methods or paradigms of AI. Therefore, throughout the

phases of the thesis, contributions to a variety of AI subfields are made. The spe-

cific research contributions are elaborated and discussed in each research chapter

(chapters 3, 4, and 5). However, the most notable contributions of the thesis are

listed in order of appearance in the following:

• From the vast universe of hyperparameters, a few of them are identified and

shown to be enough to shape the classification performance of CNNmodels

when using the techniques of transfer learning and fine-tuning for the image

classification task.

• It is proven that models of a single CNN architecture can match or even out-

perform more computationally complex frameworks and ensemble systems
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by properly selecting the found set of influential hyperparameters.

• This thesis includes the development of a GA capable of optimizing cate-

gorical, discrete, and continuous hyperparameters, including the selection

of the CNN architecture, a unique attribute of the proposed algorithm com-

pared to other HPO schemes in the current literature.

• The GA discussed in the previous point is utilized as the backbone for the

development of a framework for the automatic generation of CNN models

for image classification, considering the computational requirements of the

target task, enabling the application of DL to non-ML-expert users and fas-

tening the spreading of this technology to other fields. The library of the de-

veloped framework, Gen-CNN is openly available in GitHub/RogeGar/Gen-

CNN.

• By revisiting prior research studies on artificial neuron-glia networks, this

thesis proposes an artificial astrocyte unit that mimics the brain’s multi-

time-scale neuroplasticity and is compatible with the current DL architec-

tures and standard learning algorithms.

• A new archetype of ANNs, CNGNs, is created by introducing the proposed

artificial astrocyte model into conventional CNN architectures. The code

of the artificial astrocyte, the scheme to transform CNNs into CNGNs, and

the training methods are available in GitHub/RogeGar/Artificial-astrocytes

-CNGNs-.

• An analysis of the CNGNs is carried out by comparing their learned rep-

resentations to those of equivalent CNN models, finding that the proposed

artificial astrocyte can guide the models to better-performing capabilities

without extending their capacity, suggesting that the full potential of the

current CNN models is yet to be exploited.

• A new hybrid framework has been designed to simultaneously learn param-

eters and hyperparameters of CNN models, using the HPO algorithm pro-

posed in this thesis and a model fusion technique. Additionally, this new

approach is compatible with the proposed artificial astrocyte unit, working
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synergetically with it by optimizing the artificial astrocyte hyperparameters,

whereas the astrocytes provide an essential component for the model fusion

technique.
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Chapter 2

Background

This chapter elaborates on pivotal concepts and definitions of this thesis research

subject from a technical perspective. Since it covers the development of hybrid

methods to tackle some of the main current limitations of intelligent systems for

medical image classification, DL is a central topic of this thesis. DL is a subfield

of ML. Hence, a solid understanding of the ML and ANNs principles is required

to navigate the presented research.

For the reader’s convenience, the information is presented sequentially, begin-

ning with general ML concepts and moving toward more particular topics nec-

essary to engage with the research subjects of the following three chapters. This

chapter offers all the information needed to comprehend every aspect of the re-

search element of this thesis. DL-experienced readers can skip this chapter and

come back to check on specific sections when necessary. Newcomers to the ML

and DL study are advised to skim through the chapter to get acquainted with the

nomenclature and then return to review particular sections in detail if required.

List of Symbols for Chapter 2

This chapter makes use of an extensive number of symbols. For the sake of clarity

and the reader’s convenience, a list of symbols and their definition is provided in

order of appearance.
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E Experience

T Task

P Performance metric

D Target task’s data domain

S Experience in ML (training dataset), S ⊂ D, S =

{(x0, y0), (x1, y1), . . . , (xN , yN )}

N Number of samples or data points in S

x The data in S that corresponds to the inputs (also known as

features, covariates, and predictors)

y The data in S that corresponds to the outputs (also referred to

as labels, targets, or responses) of an ML model

X Real-valued input space, X ⊂ S

Y Real-valued output space, Y ⊂ S

f Function that maps perfectly X onto Y , f : X →Y for the target

task’s data domain

h Hypothesis function that maps X onto Y , f : X → Y for the

training dataset and approximates f in the target task’s data

domain

K Number of unordered and mutually exclusive labels in the

training dataset

C Number of channels in an image or number of elements in the

first dimension a n-dimensional matrix

H Hight (in pixels) of an image or number of elements in the sec-

ond dimension of a n-dimensional matrix

W Widht (in pixels) of an image or number of elements in the third

dimension of a n-dimensional matrix

L Number of layers in an ANN

lφ φ − th layer of an ANN, where l0 is the layer that receives the

inputs and lL the layer that procudes the network’s output ŷ

ŷ Output of an ANN

g lφ Output of the φ-th layer of an ANN

X lφ Intput to the φ-th layer of an ANN

33



•conv/FC,lφ The superscript conv or FC indicates the type of layer lφ to

which an arbitrary variable (•) belongs

θ Set of all the trainable parameters of an ANN

b Independent bias term of a neuron

a(·) Arbitrary (non-linear) activation function

ylφ ,FC Output of the lφ (FC) layer previous to the application of its

activation function

Wlφ ,FC Real-valued set of synaptic weights of an FC layer lφ
Blφ ,FC Real-valued set of bias terms of an FC layer lφ
∗ Convolution operator

ylφ ,conv Output of the lφ (conv) layer previous to the application of its

activation function

Klφ ,conv Real-valued set of weights in the linear filters of the kernels in

a conv layer lφ
Blφ ,conv Real-valued set of bias terms of a conv layer lφ

l
φ
W Width of the layer lφ : number of neurons in the layer l

φ
W

E Estimated error produced by the network when comparing the

produced output ŷ and the training targets y using an arbitrary

cost or loss function

I Input size (X
lφ
C ) of layer lφ

J Output size (g
lφ
C ) of layer lφ

∇ϑ(κ) Matrix of partial derivatives of an arbitrary variable κ along the

respective variable axes of an arbitrary matrix ϑ

∗f ull Full-convolution operator

yBN Output the batch normalization unit inside an arbitrary layer

with batch normalization

XA Input to the activation function inside an arbitrary layer

XReLU Input to a ReLU activation function

ŷSof tmax, ŷS Output of the softmax function

µβ During trining, mean of the batch of data (X lφ ) input to a batch

normalization unit. During inference (not training), mean of

all the batches of data (X lφ ) used during training
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σβ During training, standard deviation of the batch of data (X lφ )

input to a batch normalization unit. During inference (not

training), standard deviation of all the batches of data (X lφ )

used during training

ε A small positive scalar used to prevent dividing by zero inside

a batch normalization unit

EC-ent Softmax cross-entropy loss

β Batch of data

θ′ Set of new parameters computed with an optimization algo-

rithm during training of an ANN, θ′ that becomes θ for the

next optimization iteration

yβ Training targets of a batch of data β

ŷβ Network’s output for a batch of input data xβ

aGELU GELU activation function

XGELU Input to the GELU activation function

Φ(XGELU ) Standard Gaussian cumulative distribution function of XGELU

XSeLU Input to the SeLU activation function

σ(XSeLU ) Logistic sigmoid function of XSeLU

Xh-swish Input to the h-swish activation function

EWD Cost or loss function with weight decay factor

λ Scalar (hyperparameter) that controls the contribution of the L2

norm of the parameters θ to the loss with weight decay factor

B Set of all the bias factors of an ANN, B ⊂ θ

2.1 Machine Learning

ML is an AI subfield that deals with algorithms that exploit data to extract in-

formation and acquire knowledge to perform a task on a given domain [9, 72].

Essentially, ML uses algorithms with a probabilistic programming core to create

models that fit the known data and uses those models to infer things from new,

unseen data [73].
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AnML algorithm learns from data. However, learning can denotemany things.

For the sake of clarity and formal analysis, it is imperative to stick with a defini-

tion. In the context of ML, a common formal one is that of Mitchell (1997) [74],

which says: “A computer program is said to learn from experience E with respect to

some class of tasks T and performance measure P, if its performance at tasks in T ,

as measured by P, improves with experience E.” To define a learning problem, the

three components: 〈T ,P,E〉must be specified [74].

In this scenario, learning is the medium to gain the capability to perform a

task [9]. There are different categorizations of ML depending on the task, experi-

ence, and performance measure configuration [75]. However, ML algorithms are

commonly categorized as supervised, unsupervised, and semi-supervised learn-

ing [1].

Supervised learning is the most frequent type of ML, and the image classifica-

tion systems that this thesis studies are built upon this ML archetype. Therefore,

this chapter elaborates on this class of ML. SupervisedML utilizes the target task’s

data domain D. Hence, the experience E is a subset S of all the data of the do-

main D, S ⊂ D [72], and S is referred to as training dataset [75]. N samples or

data points consisting of inputs x (also referred to as features, covariates, or pre-

dictors) and their corresponding outputs y (also referred to as labels, targets, or

responses) comforms S , S = {(x0, y0), (x1, y1), . . . , (xN , yN )}.

Let us consider then that the target task’s data domain D consists of the input

space X and the output space Y , whose elements are real-valued. Supervised

ML tries to find the mapping function f : X → Y using the subset S . By the no

free lunch theorem (NFLT), no system can unmistakably generalize to all the data

points in one domain without experiencing them all [74]. Hence, ML can not

find the mapping function f . Instead, it approximates f with another function

h : X →Y that is called a model or hypothesis.

Fundamentally, ML is founded on optimization algorithms that minimize the

gap between f and h [73]. The learning algorithms find parameter values that

characterize a model that is defined by their hypothesis space (the type of func-

tions that the ML model corresponds to). Therefore, ML has a strong component

of parametric programming [74]. Additionally, ML can be analyzed from a prob-

abilistic perspective since it relies on the probabilistic inference of the learned
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hypothesis from the training dataset and prior probabilities [74,75].

There are three inevitable error sources in any ML system [74]:

1. The bias during learning towards a given hypothesis in the domain space. It

is a source of error when the elected hypothesis fails to represent all the el-

ements in the domain due to underrepresented domain subsets in the train-

ing data or misleading evaluation metrics in the training set [74].

2. The variance in the training data can lead to suboptimal models [74].

3. Unavoidable error implicit when trying to learn a non-deterministic func-

tion [74].

This thesis deals with the single-label multi-class classification task. Thus, the

output space Y is a set of K unordered and mutually exclusive labels [75]. Specif-

ically, in image classification, the input space X is the set of images. Consider that

an image has three channel colors C = 3 (RGB) and a resolution of H ×W pixels.

Hence, X ∈ RC×H×W . Therefore, the input to the first layer (hence to the network)

has three channels X
l0
C = 3. The number of channels in the input of subsequent

layers is equal to the number of channels in the previous layer output g
lφ−1
C = X

lφ
C ,

with φ ∈ 1,0, . . . ,L. Note that pixels have integer values in the interval [0,255], but

the assumption of real values is made for the sake of notational simplicity [75].

Again, by the NFLT, no model prevails over all others for all tasks. Yet, for

model selection, one has to consider model types whose inductive biases are suit-

able for the target domain. As exposed in Section 1.1.3, DLmodels have thrived in

CV applications, including medical image classification, and nowadays are amid

the CNNs vs Transformers dilemma (Section 1.1.4). Nonetheless, this thesis aims

to devise methods for medical image classification, and prominent considerations

in this field are the computing resources required for inference and the explain-

ability of results (Section 1.1.3). CNNs have proven to be more computationally

efficient [17], are a more mature field with a deeper understanding of their op-

eration, and have been recognized to be able to provide interpretable results for

medical applications through saliency maps [25, 34, 71]. Additionally, the CNNs

inductive biases are particularly advantageous for image analysis [15, 17, 76, 77],

and pose an advantage to Transformers when there is scarce training data [40,78].

37



For all these reasons, CNNs are the predominant backbone of the image classifi-

cation systems studied in this thesis.

2.2 Convolutional Neural Networks

CNNs are a type of ANN inspired by the way that the visual cortex of animals

processes images [9, 24, 73]. These networks specialize in processing data with a

spatially local structure [9,76]. CNN are like other ANNs with the quirk of using

in at least one of their layers the convolution operation (hence the name), which

is a type of linear operation [9].

DL models display a layered architecture in which the initial layers in CNNs

specialize in learning low-level features such as edges and textures [1, 8]. As the

information flows deeper into the network, the features become more and more

abstract [1, 8]. Finally, the high-level representations at the final layers contain

conceptual information about the training data, which allows the network to au-

tomatically perform different tasks on the images like detection, segmentation,

or classification [8]. This hierarchical feature learning of CNNs works remark-

ably well to capture and exploit the intrinsic spatial dependencies in medical im-

ages [8].

From a reductive perspective and the image classification point of view, CNNs

have two principal components: a feature extractor and a classifier. The feature

extractor receives the pixels as inputs that go by a sequence of operations, includ-

ing convolution, to extract the images’ features. Then, the extracted features are

the inputs for the classifier, which regularly is a multi layered perceptron (MLP)

but can be any other type of classifier, such as a support vector machine (SVM) or

a decision tree. The feature extractor is an arrangement of stacked convolutional

filters, downsampling (pooling) operations, and non-linear activation functions,

amongst other elements.

Let us examine the elements and operation of CNNs. CNNs have at least con-

volutional (conv) layers and linear layers (generally fully connected (FC)), which

for simplicity we will refer to as FC layers. Let L ∈N be the total number of layers

in the network. Individual layers are identified as l0, l1, ..., lL, where l0 is the first

layer (the one that receives the image as input), and lL is the last layer where we
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obtain the network’s output ŷ. Each layer lφ , φ ∈ {0,1, . . . ,L} in the network per-

forms a non-linear transformation g lφ (·) on its inputs X lφ . This transformation is

typically a composite function of different operations. Let us analyze the specific

cases for FC and conv layers.

A note on notation: a superscript indicates the layer and the type of layer to

which an arbitrary variable belongs, and subscripts are used for indexing when

used with a lowercase symbol and to refer to the dimensions of a matrix when

used with an uppercase symbol. For instance, g
lφ ,conv

C is the size of the first dim-

mension (number of channels) of the output of the φ − th layer, which is a conv

layer. The bold font identifies subsets of the network’s trainable parameters set

θ on a particular type of layer (the parameters characterize the model, and the

training process updates the parameters values to approximate the hypothesis

function h to the mapping f : X →Y ).

2.2.1 Fully connected layers

The output of a standard neuron is the linear weighted sum of its inputs X lφ

and an independent bias term. These weights are referred to as synaptic weights.

Considering that an FC layer lFCφ is an arrangement of standard neurons where

the network topology is all-to-all, and all the neurons use the same activation

function a(·). The output of such an FC layer is

g lφ ,FC = a(ylφ ,FC) (2.1)

where ylφ ,FC is

ylφ ,FC =Wlφ ,FC ·X lφ +Blφ ,FC (2.2)

where X lφ is the real-valued input vector to layer lφ , W
lφ ,FC ∈ R‖X

lφ ‖×‖y
lφ ,FC

‖ is the

matrix of synaptic weights of all neurons in lφ and Blφ ,FC ∈ R
‖y

lφ ,FC
‖ is a vector

containing the bias terms for every neuron in lφ . Then, Wlφ ,FC and Blφ ,FC are

the trainable parameters of an arbitrary lFCφ . Note that ‖X lφ‖ is the number of

elements in the layer’s input (number of inputs), and ‖ylφ ,FC‖ is the number of

elements in the layer’s output (number of outputs). For FC layers, inputs and
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outputs have one channel and a width of one (are vectors).

2.2.2 Convolutional layers

In CNNs, a conv layer takes a three-dimensional real-valued matrix as input X lφ ∈

R
C×H×W . These dimensions are referred to as depth C (for the number of channels

that define the depth), height H , and width W . Figure 2.1 shows an example of

a three-dimensional matrix. If the three-dimensional matrix corresponds to an

image, the input data has Cin = 3 for the three channels in RGB images. The H

and W are the height and width of the image in pixels.

Figure 2.1: Representation of a three-dimensional matrix of depth C, height H ,
and width W .

Convolutional layers are similar to FC layers. But, instead of applying a simple

weight to their inputs X lφ , they apply the convolution operation on them, using

sets of two-dimensional real-valued linear filters, also known as kernels.

Let us define the (two-dimensional) convolution operation (∗) as the sum of

the element-wise products of each pair of elements in two matrices. The ma-

trices involved in the convolution do not require to have the same shape. One

matrix slides over the other, performing the operation until all the elements of

both matrices are covered. Figure 2.2 shows an example of the convolution of two

matrices.

The output of the convolution operation in a conv layer with a three-dimensional

input X lφ with X
lφ
C channels and an arbitrary kernel K is denoted by
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Figure 2.2: Example of the convolution operation (∗) using twomatrices. X ∗K = Y
(X in white convolves with K in blue and produces Y in yellow).

ylφ ,K = (X lφ ∗K)(i, j) ,

X
lφ
C∑

c=1

KH∑

m=1

KW∑

n=1

Xc,m+i−1,n+j−1Kc,m,n (2.3)

where KH and KW are the height and width of the kernel, respectively. Note that

since the input to layer is three-dimensional, the kernel also is three-dimensional,

being a set of as many two-dimensional lineal filters as the number channels in

the input, and the output of the convolution between the input and a kernel is

the summation of the convolution of each channel in the input with its respective

two-dimensional linear filter in the kernel. Therefore, the output of a convo-

lutional operation between the two three-dimensional data matrices (input and

kernel) results in a two-dimensional matrix. Finally, i and j are the indexes of the

two-dimensional output values. This operation that many ANNs libraries per-

form is actually the cross-correlation function [9].

In a conv layer, a neuron is a set of a kernel and a bias term. Therefore, the

output produced by a single neuron is the sum of the bias and the output of

the convolution operation of its input and its kernel. Hence, the bias is a two-
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dimensional matrix of the same height andwidth as the output of the convolution.

A conv layer lconvφ is an arrangement of this type of neurons, and the output of a

conv layer is the three-dimensional matrix resulting from stacking the outputs of

its neurons and the application of a non-linear activation function a(·). Thus, the

output of such a conv layer is

g li ,conv = a







b1 + ylφ ,K1

b2 + ylφ ,K2

...

b
l
φ
W
+ y

lφ ,K
l
φ
W







(2.4)

where l
φ
W represents the width of the layer, indicating the number of neurons in

the layer (thus, number of kernels in conv layers).

Conv layers have two kinds of trainable parameters: the kernels’ weightsKlφ ,conv

and biases Blφ ,conv . The individual kernels are three-dimensional real-valued ma-

trices with the same depth as the input (K
lφ ,conv

C = X
lφ ,conv

C ). On the other hand,

they have an arbitrary height (K
lφ ,conv

H ) and width (K
lφ ,conv

W ) typically of the same

value, K
lφ ,conv

H =K
lφ ,conv

W , which is the same for all the kernels in a conv layer.

Each kernel has a matrix of bias terms of the same shape as the feature maps

produced with the convolution (output of the convolution). The shape of a conv

layer output depends on many things. Overall, the output’s shape depends on

some design criteria, like the kernel’s K
lφ ,conv

H and K
lφ ,conv

W . The depth of the

output (g
lφ ,conv

C ) is equal to the width of the conv layer (l
φ
W ). Thus, the set of

weight of all the kernels in a conv layer is a four-dimmensional matrix Klφ ,conv ∈

R
X
lφ ,conv

C ×K
lφ ,conv

H ×K
lφ ,conv

W ×l
φ
W , and Blφ ,conv ∈ R

l
φ
W×K

lφ ,conv

H ×K
lφ ,conv

W , as Figure 2.3 depicts.

However, commonly in practice, all the elements in the bias matrix are equal for a

given kernel, so it is the same as reducing two dimensions and using scalar biases

for every kernel. Thus, for a conv layer, the biases become a vector Blφ ,conv ∈ Rl
φ
W .

Convolutional layers bring principally three advantages for DL models. (1)

Sparse interactions [7,9,73], meaning that the kernels’ size usually is much smaller

than the input size, with the convolution the kernel slides over the input and not

every element of the input and output has to have a specific synaptic weight for
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Figure 2.3: Trainable parameters of a convolutional layer with l
φ
W kernels of

height KH and width KW and takes an input with XC channels. In the figure,
the superscript denotes the kernel number, and the subscripts index over the ker-
nel’s depth, height, and width, respectively. In practice, every neuron has only
one associated bias. Hence, all the elements in a bias’s two-dimensional matrix
are the same.

their interaction, significantly reducing memory necessities for the model and in-

creases its efficiency. (2) Parameter sharing, the trainable parameters of the kernel

are used for different interactions with the inputs during the convolution, so a few

parameters correspond to hundreds of interactions instead of having one param-

eter for the connection of every element of the input and output (such as in FC

layers) [7,9, 72,73]. (3) Translation equivariance, the parameter sharing attribute

causes that if an input changes, the output changes in the same way [7, 9]. That

is helpful in the context of image analysis since it does not matter if the zone of

interest for the given task is in different zones of the images.

2.2.3 Backpropagation

CNNs, like any other machine learning scheme, need to go through a training

process. The training of ANNs is a cycle of three steps: (1) forwarding the train-

ing data into the network to obtain the network’s output ŷ(x,θ) (note that the
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network’s output depends on the inputs and the learned parameters θ), (2) cal-

culating the ”error” E of the network against the desired targets y using an arbi-

trary cost function E(ŷ(x,θ), y), and (3) updating the network’s parameters using

a gradient-based optimization algorithm to minimize the cost function.

The rest of this section delivers a nuanced explanation of the backpropagation

of error in ANNs, a fundamental step for using gradient-based algorithms to train

neural networks, which are currently the core of the standard learning (training)

algorithms. The intelligent systems investigated in this thesis utilize such algo-

rithms. Moreover, Chapter 4 covers the development of a new element that en-

gages in the learning procedure. However, the proposed element is compatible

with the backpropagation algorithm and does not modify its functionality.

A profound understanding of backpropagation is superfluous to grasp the core

of the performed research. Therefore, the rest of this section (2.2.3) is intended

only for readers who are inexpert in gradient-based optimization applied to the

training of neural networks and desire to learn about its operation principle in

detail. In some of the following sections of this chapter, the backpropagation

algorithm for specific units or elements of CNNs is also elaborated on. The reader

can also skip these parts if them has no interest in knowing in depth about it.

For notational convenience, θ denotes all the network’s trainable parameters.

All the parameters are real-valued, and θ is a set of tensors with different dimen-

sions. The superscript lφ indicates the layer in the network, and I = X
lφ
C , J = g

lφ
C

are the input and output size of layer lφ , respectively.

The gradient-based algorithms use the gradient of the produced error with

respect to the parameters ∂E
∂θ

to update the parameters’ values during the opti-

mization. Hence, computing ∂E
∂θ

is essential for the training of ANNs, regardless

of the type or architecture. The chain rule comes in handy for backpropagating

the error.

First, let us define the nabla operator (∇) as the matrix of partial derivatives

along the respective variable axes,
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∇ϑ(κ) ,




∂κ
∂ϑ1,1

∂κ
∂ϑ1,2

. . . ∂κ
∂ϑ1,ϑW

∂κ
∂ϑ2,1

. . . ∂κ
∂ϑ2,ϑW −1

∂κ
∂ϑ2,ϑW

...
. . . . . .

...

∂κ
∂ϑϑH ,1

. . . ∂κ
∂ϑϑH ,ϑW −1

∂κ
∂ϑϑH ,ϑW




(2.5)

where κ can be any arbitrary matrix of variables and ϑ any other arbitrary matrix

of variables. ∇ϑ(κ) has the same shape as ϑ. So, in this example, ϑ is a matrix of

depth ϑC = 1, height ϑH , and width ϑW .

Then, the gradients of interest are estimated using the chain rule

∇
θ
lφ (E) = ∇g lφ (E) · ∇θlφ (g

lφ ) =

∇
g
lφ
1

(E) · ∇
θ
lφ (g

lφ
1 ) +∇

g
lφ
2

(E) · ∇
θ
lφ (g

lφ
2 ) + · · ·+∇

g
lφ
J

(E) · ∇
θ
lφ (g

lφ
J ) (2.6)

where g lφ is the output of the φ-th layer and θlφ are the trainable parameters of

such a layer, and J is the number of outputs of the layer (J = g
lφ
C ). During train-

ing, the optimizer updates the parameters’ values in each layer lφ in accordance

with the gradients in Eq. 2.6. The ”backpropagation” of the gradients in one layer

enables the estimation of the gradients in the previous layer. Analyzing a feed-

forward neural network as shown in Figure 2.4, the output of a layer becomes the

input of the next one during inference and vice versa during the backpropagation

process. Thus

∇
g
lφ−1 (E) = ∇X lφ (E) (2.7)

And, by the chain rule

∇
X
lφ−1 (E) = ∇

g
lφ−1
1

(E)·∇
X
lφ−1 (g

lφ−1
1 )+∇

g
lφ−1
2

(E)·∇
X
lφ−1 (g

lφ−1
2 )+· · ·+∇

g
lφ−1
J

(E)·∇
X
lφ−1 (g

lφ−1
J )

(2.8)

According to the above, the gradients ∇
g
lφ (E), ∇θlφ−1 (g

lφ ), and ∇
X
lφ−1 (g

lφ ) are

needed to train an ANN. The∇
g
lφ (E) are known because of the backpropagation of
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Figure 2.4: Schematic of the information flow in a standard ANN.

∇ŷ(E) (see Figure 2.4), which is computed at the beginning of the backpropagation

and is dependent on the elected cost function E . As for now, let us assume that

∇
g
lφ (E) is available and that the activation function a(·) in all layers is the identity

function. Let us focus on the gradients ∇
θ
lφ (g

lφ ) and ∇
X
lφ−1 (g

lφ ).

Analyzing the specific case of an FC layer, extending Eq. 2.2 from the matrix

notation to aid the visualization of its terms




g
lφ
1

g
lφ
2
...

g
lφ
J




=




W
lφ
1,1 W

lφ
1,2 . . . W

lφ
1,I

W
lφ
2,1

. . . W
lφ
2,I−1 W

lφ
2,I

...
. . . . . .

...

W
lφ
J ,1 . . . W

lφ
J ,I−1 W

lφ
J ,I







X
lφ
1

X
lφ
2
...

X
lφ
I




+




b
lφ
1

b
lφ
2
...

b
lφ
J




(2.9)

where I = X
lφ
C is the number of inputs to the layer lφ and J = g

lφ ,FC

C the number

of produced outputs, Wj,i ∈W
lφ ,FC and bj ∈ B

lφ ,FC ∀j ∈ {1,2, . . . , J} ∧ i ∈ {1,2, . . . , I},

and Xi ∈ X
lφ ,FC∀i ∈ {1,2, . . . , I}. In ∇

θ
lφ (g

lφ ), θlφ ,FC stands for all the trainable pa-

rameters in the layer lφ . For an FC layer, the trainable parameters are the synaptic

weights Wlφ ,FC and the biases Blφ ,FC . Hence, for the synaptic weights Wlφ ,FC , the

needed gradients are defined by

∇
W

lφ ,FC (E) = ∇
g
lφ
1

(E) · ∇
W

lφ ,FC (g
lφ
1 ) +∇

g
lφ
2

(E) · ∇
W

lφ ,FC (g
lφ
2 ) + · · ·+∇

g
lφ
J

(E) · ∇
W

lφ ,FC (g
lφ
J )

(2.10)

Assuming the gradients ∇
g
lφ (E) are available, and extending Eq. 2.10,
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∇
W

lφ ,FC (E) = ∇
g
lφ
1

(E)·




∂g
lφ
1

∂W
lφ
1,1

∂g
lφ
1

∂W
lφ
1,2

. . .
∂g

lφ
1

∂W
lφ
1,I

∂g
lφ
1

∂W
lφ
2,1

. . . ∂g
lφ
1

∂W
lφ
2,I−1

∂g
lφ
1

∂W
lφ
2,I

...
. . . . . .

...

∂g
lφ
1

∂W
lφ
J,1

. . . ∂g
lφ
1

∂W
lφ
J,I−1

∂gFCl,1
∂WJ ,I




+∇
g
lφ
2

(E)·




∂g
lφ
2

∂W
lφ
1,1

∂g
lφ
2

∂W
lφ
1,2

. . .
∂g

lφ
2

∂W
lφ
1,I

∂g
lφ
2

∂W
lφ
2,1

. . . ∂g
lφ
2

∂W
lφ
2,I−1

∂g
lφ
2

∂W
lφ
2,I

...
. . . . . .

...

∂g
lφ
2

∂W
lφ
J,1

. . . ∂g
lφ
2

∂W
lφ
J,I−1

∂gFCl,2
∂WJ ,I




+

· · ·+∇
g
lφ
J

(E) ·




∂g
lφ
J

∂W
lφ
1,1

∂g
lφ
J

∂W
lφ
1,2

. . .
∂g

lφ
J

∂W
lφ
1,I

∂g
lφ
J

∂W
lφ
2,1

. . .
∂g

lφ
J

∂W
lφ
2,I−1

∂g
lφ
J

∂W
lφ
2,I

...
. . . . . .

...

∂g
lφ
J

∂W
lφ
J,1

. . .
∂g

lφ
J

∂W
lφ
J,I−1

∂g
lφ
J

∂W
lφ
J,I




(2.11)

∇
W

lφ ,FC (E) = ∇
g
lφ
1

(E) ·




X
lφ
1 X

lφ
2 . . .X

lφ
I

0
. . . 0 0

...
. . . . . .

...

0 . . . 0 0




+∇
g
lφ
2

(E) ·




0 0 . . .0

X
lφ
1

. . . X
lφ
I−1 X

lφ
I

...
. . . . . .

...

0 . . . 0 0




+ · · ·+

∇
g
lφ
J

(E) ·




0 0 . . .0

0 . . . 0 0
...

. . . . . .
...

X
lφ
1

. . . X
lφ
I−1 X

lφ
I




(2.12)

∇
W

lφ ,FC (E) = ∇
g
lφ (E) ·

[
[X lφ ]T1 [X lφ ]T2 . . . [X lφ ]TJ

]T
(2.13)

where [X lφ ]T is the tranpose of the vector of inputs X lφ . Similarly, the gradients

for the biases are
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∇
B
lφ ,FC (E) = ∇

g
lφ
1

(E) · ∇
B
lφ ,FC (g

lφ
1 ) +∇

g
lφ
2

(E) · ∇
B
lφ ,FC (g

lφ
2 ) + · · ·+∇

g
lφ
J

(E) · ∇
B
lφ ,FC (g

lφ
J )

(2.14)

∇
B
lφ ,FC (E) = ∇

g
lφ
1

(E) ·




∂g
lφ
1

∂b
lφ
1

∂g
lφ
1

∂b
lφ
2
...

∂g
lφ
1

∂b
lφ
J




+∇
g
lφ
2

(E) ·




∂g
lφ
2

∂b
lφ
1

∂g
lφ
2

∂b
lφ
2
...

∂g
lφ
2

∂b
lφ
J




+ · · ·+∇
g
lφ
J

(E) ·




∂g
lφ
J

∂b
lφ
1

∂g
lφ
J

∂b
lφ
2
...

∂g
lφ
J

∂b
lφ
J




(2.15)

∇
B
lφ ,FC (E) = ∇

g
lφ
1

(E)




1

0
...

0




+∇
g
lφ
2

(E)




0

1
...

0




+ · · ·+∇
g
lφ
J

(E)




0

0
...

1




(2.16)

∇
B
lφ ,FC (E) = ∇

g
lφ
1

(E) (2.17)

Lastly, the other set of needed gradients for this type of layer

∇
X
lφ (E) = ∇

g
lφ
1

(E) · ∇
X
lφ (g

lφ
1 ) +∇

g
lφ
2

(E) · ∇
X
lφ (g

lφ
2 ) + · · ·+∇

g
lφ
J

(E) · ∇
X
lφ (g

lφ
J ) (2.18)

∇
X
lφ (E) = ∇

g
lφ
1

(E) ·




∂g
lφ
1

∂X
lφ
1

∂g
lφ
1

∂X
lφ
2
...

∂g
lφ
1

∂X
lφ
J




+∇
g
lφ
2

(E) ·




∂g
lφ
2

∂X
lφ
1

∂g
lφ
2

∂X
lφ
2
...

∂g
lφ
2

∂X
lφ
J




+ · · ·+∇
g
lφ
J

(E) ·




∂g
lφ
J

∂X
lφ
1

∂g
lφ
J

∂X
lφ
2
...

∂g
lφ
J

∂X
lφ
J




(2.19)
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∇
X
lφ (E) = ∇

g
lφ
1

(E)




W
lφ
1,1

W
lφ
1,2
...

W
lφ
1,I




+∇
g
lφ
2

(E)




W
lφ
2,1

W
lφ
2,2
...

W
lφ
2,I




+ · · ·+∇
g
lφ
J

(E)




W
lφ
J ,1

W
lφ
J ,2
...

W
lφ
J ,I




(2.20)

∇
X
lφ (E) = [Wlφ ,FC]T∇

g
lφ (E) (2.21)

where [Wlφ ,FC]T is the tranpose of the matrix of synaptic weights Wlφ ,FC .

Now, analyzing the case of a conv layer, the trainable parameters are the ker-

nels’ weightsKlφ ,conv and the biases Blφ ,conv . Assuming that the layer lφ+1 provides

∇
g
lφ (E). For the sake of clarity, and just for the particular case of the analysis of

the backpropagation on the conv layers, let the superscripts index the channels

of kernels and input in the same layer. Still, X
lφ
C is the number of channels in the

layer’s input, and l
φ
C is the number of channels in the layer output. Let us begin

estimating the gradients

∇
K
lφ ,conv (E) =




∇
K
lφ ,1,1(E) ∇

K
lφ ,1,2(E) . . . ∇

K
lφ ,1,X

lφ
C

(E)

∇
K
lφ ,2,1(E) . . . ∇

K
lφ ,2,X

lφ
C −1

(E) ∇
K
lφ ,2,X

lφ
C

(E)

...
. . . . . .

...

∇
K
lφ ,l

φ
C ,1

(E) . . . ∇
K
lφ ,l

φ
C ,X

lφ
C −1

(E) ∇
K
lφ ,l

φ
C ,X

lφ
C

(E)




(2.22)

All the elements in the matrix in Eq. 2.22 are defined by

∇
K
lφ ,j,i (E) =




∂E

∂K
lφ ,j,i

1,1

∂E

∂K
lφ ,j,i

1,2

. . . ∂E

∂K
lφ ,j,i

1,K
lφ
W

∂E

∂K
lφ ,j,i

2,1

. . . ∂E

∂K
lφ ,j,i

2,K
lφ
W −1

∂E

∂K
lφ ,j,i

2,K
lφ
W

...
. . . . . .

...
∂E

∂K
lφ ,j,i

KH,1

. . . ∂E

∂K
lφ ,j,i

K
lφ
H ,K

lφ
W −1

∂E

∂K
lφ ,j,i

K
lφ
H ,K

lφ
W




(2.23)
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∀j ∈ {1,2, . . . , l
φ
W } ∧ i ∈ {1,2, . . . ,X

lφ
C }. At the same time, every element in the matrix

in Eq. 2.23 is defined by

∂E

∂K
lφ ,j,i

d,q

=
∂E

∂g
lφ ,1

1,1

∂g
lφ ,1

1,1

∂K
lφ ,j,1

d,q

+
∂E

∂g
lφ ,1

1,2

∂g
lφ ,1

1,2

∂K
lφ ,j,i

d,q

+ · · ·+
∂E

∂g
lφ ,1

1,g
lφ
W

∂g
lφ ,1

1,g
lφ
W

∂K
lφ ,j,i

d,q

+

· · ·+
∂E

∂g
lφ ,1

2,1

∂g
lφ ,1

2,1

∂K
lφ ,j,i

d,q

+ · · ·+
∂E

∂g
lφ ,1

g
lφ
H ,1

∂g
lφ ,1

g
lφ
H ,1

∂K
lφ ,j,i

d,q

+ · · ·+
∂E

∂g
lφ ,NK

g
lφ
H ,g

lφ
W

∂g
lφ ,l

φ
W

g
lφ
H ,g

lφ
W

∂K
lφ ,j,i

d,q

(2.24)

∂E

∂K
lφ ,j,i

d,q

=
∂E

∂g
lφ ,j

i,q

(X
lφ ,i

d,q +X
lφ ,i

d,q+1 + · · ·+X
lφ ,i

d,max {K
lφ
W ,X

lφ
W }

+X
lφ ,i

d+2,q + . . .

+X
lφ ,i

max {K
lφ
H ,X

lφ
H },maxK

lφ
W ,X

lφ
W

) (2.25)

∀d ∈ {1,2, . . . ,K
lφ
H } ∧ q ∈ {1,2, . . . ,K

lφ
W }. Replacing all the elements in the matrix of

Eq. 2.23 with their extended form represented in Eq. 2.25 results in the convo-

lution of the matrix of size 1 × 1 ∂E

∂K
lφ ,j,i

d,q

with the channel X lφ ,i of the input X lφ .

Generalizing to the matrix of size d × q ∇
K
lφ ,j,i (E) and get a solution to all the ele-

ments of the matrix of gradients in Eq. 2.22,

∇
K
lφ ,j,i (E) = X lφ ,i ∗ ∇

g
lφ ,j (E) = X lφ ,i (2.26)

where i ∈ [1,2, . . . ,X
lφ
C ] and j ∈ [1,2, . . . , l

φ
W ].

Similar to the biases of an FC layer, the bias gradients in a conv layer are equal

to the output gradients

∇
B
lφ ,conv (E) = ∇

g
lφ ,1

1,1

(E)·∇
B
lφ ,conv (g

lφ ,1

1,1 )+∇
g
lφ ,1

1,2

(E)·∇
B
lφ ,conv (g

lφ ,1

1,2 )+· · ·+∇
g
lφ ,1

1,g
lφ
W

(E)·∇
B
lφ ,conv (g

lφ ,1

1,g
lφ
W

)
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+· · ·+∇
g
lφ ,1

2,1

(E)·∇
B
lφ ,conv (g

lφ ,1

2,1 )+· · ·+∇
g
lφ ,1

g
lφ
H ,g

lφ
W

(E)·∇
B
lφ ,conv (g

lφ ,1

g
lφ
H ,g

lφ
W

)+∇
g
lφ ,w

1,1

(E)·∇
B
lφ ,conv (g

lφ ,2

1,1 )

+ · · ·+∇
g
lφ ,l

φ
W

g
lφ
H ,g

lφ
W

(E) · ∇
B
lφ ,conv (g

lφ ,l
φ
W

g
lφ
H ,g

lφ
W

) (2.27)

∇
B
lφ ,conv (E) = ∇

g
lφ ,1

1,1

(E) ·




∂g
lφ ,1

1,1

∂b
lφ
1

∂g
lφ ,1

1,1

∂b
lφ
2
...

∂g
lφ ,1

1,1

∂b
lφ

l
φ
W




+∇
g
lφ ,1

1,2

(E) ·




∂g
lφ ,1

1,2

∂b
lφ
1

∂g
lφ ,1

1,2

∂b
lφ
2
...

∂g
lφ ,1

1,2

∂b
lφ

l
φ
W




+ · · ·+∇
g
lφ ,1

1,1

(E) ·




∂g
lφ ,l

φ
W

g
lφ
H ,g

lφ
W

∂b
lφ
1

∂g
lφ ,l

φ
W

g
lφ
H ,g

lφ
W

∂b
lφ
2
...

∂g
lφ ,l

φ
W

g
lφ
H ,g

lφ
W

∂b
lφ

l
φ
W




(2.28)

∇
B
lφ ,conv (E) = ∇

g
lφ ,1

1,1

(E) ·




1

0
...

0




+∇
g
lφ ,1

1,2

(E) ·




0

1
...

0




+ · · ·+∇
g
lφ ,1

1,1

(E) ·




0

0
...

1




(2.29)

∇
B
lφ ,conv (E) = ∇

g
lφ (E) (2.30)

Note that in Eq. 2.28 and Eq. 2.29, the biases are vectorized for notational

simplicity, and since, in practice, they have the same values for a given kernel.

Now, only the estimation of ∇
X
lφ (E) is left. Let us start defining

51



∇
X
lφ (E) =




∇
X
lφ ,1(E)

∇
X
lφ ,2(E)
...

∇
X
lφ ,l

φ
W
(E)




(2.31)

As with the analysis of the kernels’ gradients, the superscripts serve to index

the channels of the input and output in the same layer. Still, X
lφ
C is the number of

channels in the layer input, and l
φ
W is the number of channels in the layer output.

All the elements in the vector in Eq. 2.31 are given by

∇
X
lφ ,i (E) =




∂E

∂X
lφ ,i

1,1

∂E

∂X
lφ ,i

1,2

. . . ∂E

∂X
lφ ,i

1,X
lφ
W

∂E

∂X
lφ ,i

2,1

. . . ∂E

∂X
lφ ,i

2,X
lφ
W −1

∂E

∂X
lφ ,i

2,X
lφ
W

...
. . . . . .

...
∂E

∂X
lφ ,i

X
lφ
H ,1

. . . ∂E

∂X
lφ ,i

X
lφ
H ,X

lφ
W −1

∂E

∂X
lφ ,i

X
lφ
H ,X

lφ
W




(2.32)

∀i ∈ {1,2, . . . , l
φ
W }. And at the same time, every element in the matrix in Eq. 2.32 is

defined by

∂E

∂X
lφ ,i

d,q

=
∂E

∂g
lφ ,1

1,1

∂g
lφ ,1

1,1

∂X
lφ ,i

d,q

+
∂E

∂g
lφ ,1

1,2

∂g
lφ ,1

1,2

∂X
lφ ,i

d,q

+ · · ·+
∂E

∂g
lφ ,1

1,gW

∂g
lφ ,1

1,gW

∂X
lφ ,i

d,q

+

· · ·+
∂E

∂g
lφ ,1

2,1

∂g
lφ ,1

2,1

∂X
lφ ,i

d,q

+ · · ·+
∂E

∂g
lφ ,1

X
lφ
H ,1

∂g
lφ ,1

X
lφ
H ,1

∂X
lφ ,i

d,q

+ · · ·+
∂E

∂g
lφ ,l

φ
W

X
lφ
H ,X

lφ
W

∂g
lφ ,l

φ
W

X
lφ
H ,X

lφ
W

∂X
lφ ,i

d,q

(2.33)

where d ∈ [1,2, . . . ,X
lφ
H ] and q ∈ [1,2, . . . ,X

lφ
W ]. Let us apply the Eq. 2.33 to the

convolution shown in Figure 2.2 to help us visualize the elements involved in the

operation. Then, estimating the gradients element-wise for the y in Figure 2.2
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


∂E
∂x1,1

∂E
∂x1,2

∂E
∂x1,3

∂E
∂x2,1

∂E
∂x2,2

∂E
∂x2,3

∂E
∂x3,1

∂E
∂x3,2

∂E
∂x3,3



=




∂E
∂y1,1

k1,1
∂E
∂y1,1

k1,1 +
∂E
∂y1,2

k1,1
∂E
∂y1,2

k1,2
∂E
∂y1,1

k2,1 +
∂E
∂y2,1

k1,1
∂E
∂y1,1

k2,2 +
∂E
∂y1,2

k2,1 +
∂E
∂y2,1

k1,2 +
∂E
∂y2,2

k1,1
∂E
∂y1,2

k2,2 +
∂E
∂y2,2

k1,2
∂E
∂y2,1

k2,2
∂E
∂y2,1

k2,2 +
∂E
∂y2,2

k2,1
∂E
∂y2,2

k2,2




(2.34)

Analyzing carefully Eq. 2.34, we can see that the computation of the gradients
∂E
∂X

, using the example shown in Fig. 2.2, resembles a convolution. Therefore, let

us define a new operation called ”full-convolution” (∗f ull); this operation acts like

the convolution with the difference that the sliding matrix slides with each of its

components over the second matrix, as illustrated in Figure 2.5.

Figure 2.5: Example of the full-convolution operation (∗)f ull using two matrices.
X∗f ullK = Y (X in white fully-convolves with K in blue and produces Y in yellow).

However, the elements displayed in Eq. 2.34, are not exactly the result of a

full-convolution of the gradients with K , but with K rotated 180deg. Let us rep-

resent the rotation by 180deg of K with rot180(K). The analysis that leads to Eq.
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2.34 using the convolution displayed in Figure 2.2, considers a single kernel with

only one channel, but it is the same case for every K lφ ,i,j ∈K∀i ∈ {1,2, . . . ,X
lφ
C }∧ j ∈

{1,2, . . . , l
φ
W }. For estimating the gradients for a given X lφ ,i then, all the elements

of the output contribute to the gradients. Therefore,

∇
X
lφ ,i (E) =

l
φ
W∑

j=1

∂E

∂g
lφ ,j

l

∗f ull rot180(K
lφ ,i,j ) (2.35)

2.2.4 Activation functions

Recapitulating, each layer output g lφ is a composite function of different opera-

tions. Up to this point, we have analyzed the transformations performed using FC

and conv layers. However, regardless of the type of layer, an arbitrary activation

function performs a non-linear transformation on yFC and yconv . The activation

function can be analyzed independently from the previous operations. Figure 2.6

shows how a layer can be decomposed into the different operations that it per-

forms, showing an example of an FC layer. Yet, it is the same scenario with conv

layers. The batch norm step at the beginning of the layer is customary in modern

CNNs. Section 2.2.6 further elaborates on this. Let us overlook it in the mean-

time. The activation function does not have any trainable parameters. Therefore,

only the gradients ∇
X
lφ (E) is needed for the backpropagation process

Figure 2.6: Example of the composition of an arbitrary FC layer lFCφ . A layer can

have different operations and in different order.

Activation functions have two purposes in a neural network: (1) to induce a

non-linear behavior and (2) to bind the neurons’ outputs [73]. There are many
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different activation functions. Let us analyze the standard activation function for

current DL models, the rectified linear unit (ReLU). The ReLU function is defined

as,

aReLU (XReLU ) =max(0,XReLU ) (2.36)

For backpropagation in a layer that uses this activation function, the estima-

tion of the gradients is given by

∇XReLU
(E) = ∇aReLU (E)∇XReLU

(aReLU ) (2.37)

Since the following layer provides ∇aReLU (E), ∇XReLU
(aReLU ) is the only gradient

that requieres analysis. In case XReLU ≤ 0

∇XReLU
(aReLU )0 = 0 (2.38)

and the case when XReLU > 0

∇XReLU
(aReLU )XReLU = 1 (2.39)

So,

∇XReLU
(aReLU ) =


∇aReLU (E) ∀XReLU > 0

0 ∀XReLU ≤ 0
(2.40)

There are many other activation functions. However, the ReLU activation

function relegated previously used functions such as hyperbolic tangent (TanH)

and Hyperbolic. The reason is that these last two are a type of logistic function

whose output is bounded at both sides of the domain (see Figure 2.7), causing the

gradients ∇
X
lφ (g

lφ ) to be near zero [75]. Therefore, the gradient diminishes over

the layer and starts to disappear, which is an issue (known as the vanishing gra-

dient problem) for the gradient-based optimization process that is training [75].

Nowadays, some variations of ReLU with mechanisms to enhance different

aspects of training are commonly employed in the context of DL. Section 2.4.1

displays some of the most used ones.
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Figure 2.7: ReLU, TanH, and Sigmoid activation functions.

Softmax function

Neural networks have different types of special activation functions in the last

layer, depending on the target task. The softmax function is the standard activa-

tion function for multi-class classification since the output resembles the proba-

bility of the inputs belonging to the different possible categories or classes. The

softmax function is defined as

ŷ
Sof tmax
i =

eX
lφ
i

∑J
j=1 e

X
lφ
j

(2.41)

where J = X
lφ
C is the size of the input vector to the softmax function that is the

same as the last layer output size g
lL
C . In ANNs, the softmax function typically is

the activation function of the last layer, which is an FC layer.

The softmax function is just a type of activation function. Hence, it does not

have any trainable parameters, and only ∇
X
lφ (E) is needed for the backpropaga-

tion of gradients. For notational convinience, let us abreviate ŷSof tmax as ŷS .
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∇
X
lφ (E) = ∇ŷS1

(E)∇
X
lφ (ŷ

S
1 ) +∇ŷS2

(E)∇
X
lφ (ŷ

S
2 ) + · · ·+∇ŷSJ

(E)∇
X
lφ (ŷ

S
J ) (2.42)

Analyzing the first element ∇ŷS1
(E)∇

X
lφ (ŷ

S
1 ) of Eq. 2.42

∇ŷS1
(E)∇

X
lφ (ŷ

S
1 ) =

∂E

∂ŷS1




∂
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1

eX
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1 +eX
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2 +···+e

X
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∂
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1 +eX
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2 +···+e

X
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...

∂

∂X
lφ
J

eX
lφ
1

eX
lφ
1 +eX

lφ
2 +···+e

X
lφ
J




(2.43)

∇ŷS1
(E)∇

X
lφ (ŷ

S
1 ) =

∂E

∂ŷS1




(eX
lφ
1 +eX

lφ
2 +···+e

X
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J )(eX
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1 )−(eX
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1 )(eX
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1 +eX
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(eX
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1 +eX

lφ
2 +···+e

X
lφ
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


(2.44)

∇ŷS1
(E)∇

X
lφ (ŷ

S
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∂E

∂ŷS1



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
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2 +···+e

X
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
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(2.45)
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∇ŷS1
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X
lφ (ŷ

S
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∂E
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S
J




(2.46)

∇ŷS1
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
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


(2.47)

That is the case of ∇ŷS1
(E)∇

X
lφ (ŷ

S
1 ). However, it holds for any ∇ŷSj

(E)∇
X
lφ (ŷ

S
j )∀j ∈

{1,2, . . . , J}. So, applying the form of Eq. 2.47 to every element in Eq. 2.42, the

gradients are estimated with

∇ŷS (E)∇X lφ (ŷ
S ) =


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S
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S
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S
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S
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S
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




∂E
∂ŷS1
∂E
∂ŷS2
...
∂E
∂ŷSJ




(2.48)

2.2.5 Downsampling operations

A convolutional layer generally has at least three components. As Figure 2.8

shows, these are the convolution filters, the activation function, and a down-

sampling operator [9]. The downsampling operator reduces the size of the out-

puts by applying a pooling function and is usually performed at the end of the

layer [1,7,73].

Pooling operations reduce the spatial size of the inputs (width and height) by

replacing a subset of their elements with a single value that is statistically repre-

sentative of the neighborhood [9]. There are different types of pooling functions.

Some of the most common ones are average pooling and max pooling, which Fig-

ure 2.9 shows.
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Figure 2.8: Example of the composition of a basic conv layer.

Figure 2.9: Example of commonly used pooling functions. The pooling operation
operates channel-wise and slides with an arbitrary stride over the input channels.
The size of the pooling receptive field (width and height of the striding window)
is also arbitrary.

59



By drastically reducing the size of the feature maps with respect to the input

size of the network, CNNs achieve approximate local invariance, meaning that

they can detect relevant information in the inputs, regardless of their spatial lo-

cation [1, 9, 72, 75]. Additionally, progressively reducing the spatial size of the

data also reduces the number of required parameters and computation of the net-

work [1,9].

Another benefit of using pooling operations in CNNs is that they enable the net-

work to process inputs of different sizes [9]. By defining the receptive field and

stride of the pooling functions, one can control the size of the layer output.

2.2.6 Other elements

We have covered the essential elements of CNNs. However, they have many other

types of components. Overall, the other elements in CNNs can be grouped into

flattening segments, normalization layers, and regularization elements. Let us

describe each of these.

Flattening

The flattening operation is necessary for any CNN for image classification. As

exposed in Section 2.2, CNNs have two main parts: a feature extractor composed

of conv layers and a classifier, typically an MLP (an arrangement of a few FC

layers.). Nevertheless, the outputs of conv layers are three-dimensional, and the

inputs to FC layers are one-dimensional. Thus, a flattening segment connects the

two parts of a CNN. This part deals with converting the three-dimensional feature

map of the last conv layer into a one-dimensional vector to feed the classifier.

The usual technique to flatten the features map in the last conv layer is con-

catenating all their elements into a single vector. However, other approaches

could be used, such as applying a global pooling operation over each channel

in the feature map and concatenating the scalar output values for every channel.

Figure 2.10 shows an example of the flattening operation.
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Figure 2.10: Example of the two standard types of flattening operation in a CNN.

Normalization layers

Normalizing data is a good practice in ML, and DL is not the exception. Normal-

izing the data ensures that all the data is on the same scale, which aids during

training. Recapitulating, the output of one layer is the input to the next. Hence,

every layer has its own input. Then, normalizing the data at each layer improves

the training efficiency [1, 73, 75, 79]. Therefore, layers of deep networks usually

have a normalization element. Figure 2.6 shows an example of an FC layer with a

batch normalization phase at the beginning of the layer.

The placement of the normalization operation in a layer is still a matter of

debate [1]. Many researchers assert that from a statistical point of view, the nor-

malization should be after the activation function; this makes sense because you

do not want the bias from the negative values that the activation function will set

to zero. However, the study that first proposed implementing normalization per

layer suggests placing it before the activation function [79], and many practition-

ers follow this guidance.

There are different types of normalization approaches. Nowadays, the stan-
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dard normalization element is batch normalization. To analyze batch normaliza-

tion, first, let us define the term batch. Recapitulating once again, ML models are

trained using a training dataset. During training in ANNs, on a single inference

iteration, a group of samples from the training set (a batch) passes through the

network at the same time. One of the advantages of today’s computational re-

sources is the capability of parallel computing. So, batch normalization refers to

the operation of normalizing the data in one training batch, as described by

yBN = X̂ lφ =
X lφ −µβ√
σ2
β + ε

(2.49)

where X lφ is the input to the batch normalization operation in layer lφ , µβ is the

mean of the batch of dataX lφ , σβ is the standard deviation of the batch of dataX lφ ,

and ε is a small positive scalar used to prevent dividing by zero. Batch normaliza-

tion also operates during regular inference, that is after the network was trained.

In that situation, the values of µβ and σβ use the mean values of the training data.

Batch normalization benefits training by significantly reducing the number of

required training epochs and stabilizing the trajectory of the optimization proce-

dure, making it more robust to changes in its configuration [1, 75, 79] (hyperpa-

rameters, which are further discussed in Sections 2.3.2 and 2.4.2.). Most of the

CNN architectures explored in this thesis use batch normalization inside their

layer, as depicted in Figure 2.6.

Regularization elements

Generally, ANNs are trained on the tasks that they will perform. Section 2.2.3

explains that during the training of an ANN, the error E is computed using the

training data (thus, training error). However, it is impossible to train the model

using all the specific samples of the target domain. The regularization terms help

improve the network’s generalization and prevent the model from adjusting par-

ticularly to the training set, which is a subset of the target domain. This issue is

referred to as overfitting or memorization.

Estimating the performance of MLmodels outside the training samples is fun-

damental. For this purpose, the training dataset is often split into at least two
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partitions: training and testing data. The regularization elements, or regulariz-

ers, comprise all the methods and techniques intended to reduce the error using

the testing data (test error), regardless of the impact on the training error [1, 9].

Hence, the regularization elements’ goal is to maintain or improve the model gen-

eralization or generalizability, which refers to the capacity of a model to perform

the task it was trained for in new unseen data.

Regularization elements can take part in the learning algorithm and the model

itself. Different types of specialized modules can be inserted as part of the layers

of an ANN. In this regard, contemporary ANNs, as the ones studied in this thesis,

customarily include a dropout phase within their layers [1, 7, 72]. Dropout is a

filter that sets to zero randomly the activation of neurons in a layer during one

training iteration to prevent the co-adaptation of specific learned representations

that would lead to memorization of the training data [75, 80]. Figure 2.11 shows

an example of how dropout works. Generally, the neurons of one layer connect to

all the neurons in the next layer, and the dropout unit serves as a filter that cuts

(by setting it to zero the activations) randomly some connections during training.

Figure 2.11: Example of the dropout operation in an ANN during three training
iterations.

2.3 Learning procedure

The training of neural networks involves an optimization procedure that consists

of finding the network parameters θ that minimize the cost function E(ŷ(x,θ), y).

So, in the context of ANNs, the learning procedure encapsulates all the applied
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methods that directly or indirectly serve to find the model parameters θ in such

a way that the model improves at the target task.

As stated in Section 2.1, there are different types of learning. Currently, CNNs

can use multiple techniques from different learning types. However, the most

prominent approach is stochastic gradient-descent optimization, which is a su-

pervised learning family of methods that use the gradients of the cost function

with respect to the parameters to update the values of the parameters to decrease

the measured error iteratively. All the learning algorithms used within this thesis

to train CNNs make use of such type of methods.

Sections 2.2.3 through 2.2.4 examine how to estimate the needed gradients

∇θ(E) for the gradient-based optimization procedure, assuming that the error

E(ŷ(x,θ), y) and the gradients of the error with respect to the outputs ∇ŷ(E) are

given. Now, let us analyze how to estimate the error during training and its gra-

dients.

2.3.1 Loss function

The cost function is also commonly known as the loss function, and in ANNs is

more frequently so. The loss function has to contain a way to evaluate the net-

work’s performance in the training set and also typically includes some regular-

ization elements.

Cross-entropy is the current default loss function for training DL architec-

tures. In the study case of this thesis, the models perform single-label multi-class

classification with K different labels. Then, the network’s output is a vector of

logits ŷ ∈ R
K , and the training targets are encoded using a codification scheme

called one-hot encoding. Each training target is coded into a vector of binary val-

ues y ∈ {0,1}K , where a value of 1 in the k-th element of the vector denotes that

the sample belongs to the k-th class, and a value of 0 indicates the opposite. Since

this thesis deals with the single-label classification task, the target vectors have

1-norm ‖y‖1 =
∑K

k=1 yk = 1. The softmax cross-entropy EC-ent loss is computed as

EC-ent(ŷ, y) = −
K∑

k=1

yk ŷk + log
K∑

k=1

eŷk (2.50)
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Backpropagation requires ∇ŷ(E) at the last layer. If the coss-entropy loss de-

scribed in Eq. 2.50 is the employed loss function, then

∇ŷ(E
C-ent) = −

∂

∂ŷ


−

K∑

k=1

yk ŷk + log
K∑

k=1

eŷk


 = −y +

eŷ

log
∑K

k=1 e
ŷk

(2.51)

2.3.2 Optimizer

Here, it is necessary to describe another ML key concept: hyperparameter, which

comprises any parameter of an ML algorithm that defines the nature and oper-

ation of the model and learning procedure. Therefore, any ML model has two

types of parameters. The trainable parameters that are part of the model and

characterize the mapping function are denoted simply as parameters and the hy-

perparameters, which are design choices to construct and train the algorithm.

The optimizer of a learning procedure deals with finding only the parameters

unless otherwise stated.

Let us analyze the classification task as an optimization problem. The purpose

is to obtain a mapping function of the domain space onto the target space h : X →

Y , that is characterized by the optimal set of parameter parameters θ, such that

it minimizes an arbitrary loss function E using the training data [81], such that:

min
θ

1

N

N∑

n=1

E(yn, ŷn) (2.52)

where N is the total number of training samples and yn, ŷn are the target vectors

and the logits output of the n − th training sample, respectively. In Eq. 2.52,

the loss is a function of the logits ŷ and the target vector y. Yet, the logits are a

mapping of the input x (the images’ pixels for the image classification task) using

the hypothesis function h characterized by θ. Then, Eq. 2.52 can be expressed as:

min
θ

1

N

N∑

n=1

E(yn,h(xn,θ)) (2.53)

where xn represents the inputs of the n-th training sample. The optimizer is the
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algorithm that attempts to find the set of parameters θ that, when applied to the

hypothesis function h, reaches the condition defined in (2.53).

Optimization algorithms are the core of ML models since they allow them to

learn structures from data. There are numerous approaches to finding model pa-

rameters that minimize the loss function, such as random search and heuristic

models. However, the number of parameters in DL models can go from a few

millions in compact, efficient models to hundreds of billions, such as in large

language models (LLMs). This feature makes many numerical and heuristic op-

timization approaches unsuitable for training DL algorithms. However, since the

parameter space is differentiable, gradient-descent optimization is applicable for

this task and has become the learning procedures’ linchpin for DL models.

Gradient descent is an iterative optimization approach that searches over the

optimization surface that, in the context of training ANNs, is the loss landscape.

Figure 2.12 illustrates a low-dimension example of the loss landscape. An impor-

tant consideration is that the loss landscape shape is unknown, and it can not be

actually seen. Consequently, the understanding of the optimization surface relies

on indirect measurements of the loss landscape. The training of ANNs makes the

assumption of convexity for the loss landscape, even though it is known not to be

the case. Hence, gradient-descent algorithms can effectively train ANNs but only

guarantee suboptimal sets of parameters θ.

The convergence regions of gradient-descent algorithms depend on several as-

pects, such as the number of training iterations, initialization values, etcetera.

All these conditions are hyperparameters. Careful tuning of hyperparameters is

consequential in finding better local optimal zones in the loss landscape.

Gradient-descent can be divided into twomajor categories: standard or vanilla

gradient-descent and stochastic gradient-descent (SGD). The difference is that

vanilla gradient-descent updates the parameters’ values after computing the gra-

dients using all the available information. Thus, one optimization iteration (or

step) uses all the training data (so it is a training epoch). On the other hand, SGD

uses random sub-sets (batches) of the training data to update the parameters’ val-

ues. A training epoch consists of several optimization iterations (consider one

training epoch once every sample in the training set is used to update the param-

eters’ values.). It is stochastic because it takes many pseudo-random steps in the
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Figure 2.12: Low-dimensionality example of loss landscape of a model with only
two parameters θ1 and θ2. The valleys are local minima. Gradient-descent algo-
rithms lead to local minimum points in the landscape. The depicted function is
the Schwefel function and is shown only for illustrative purposes.

loss landscape during one training epoch.

SGD is more efficient when training ANNs due to the size of training datasets

and also because the randomness in the optimization algorithm prevents it from

getting stuck in sub-optimal local minimal zones for early convergence. The

learning algorithms used to train the CNNs in this thesis are based on SGD.

Stochastic gradient descent

The SGD is an optimizer extensively used for training DL models. It is a first-

order gradient-based algorithm. The SGD estimates the new values of the pa-

rameters θ′ for random batches of training data β using the gradient of the loss

function with respect to the parameters and a hyperparameter called learning

rate α that controls the size of the changes on every optimization step

θ′ = θ −α
∂E(yβ , ŷβ)

∂θ
(2.54)

where θ′ is the set of new parameters that becomes θ for the next optimization

iteration, and yβ , ŷβ are the targets and logits of the training batch β, respectively.
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The SGD is computationally more efficient than vanilla gradient-descent. Never-

theless, it produces noise that makes the gradient oscillate. This oscillation can

interfere with the algorithm’s convergence. Nonetheless, it also prevents it from

getting stuck into local optimal, contrastively to algorithms that use deterministic

gradients [81].

2.3.3 Transfer learning

DL models, including CNNs, for their size and number of parameters, demand

massive datasets for training and considerable computing resources [7,73]. These

conditions are an issue for applications with scarce data and conditioned compu-

tational requirements, limiting the scope of DL applications. However, transfer

learning is a technique that aids in overcoming this noteworthy limitation [73,75].

The transfer learning foundation is that data from subspaces of a domain space

have similar structures [75]. For instance, if a CNN model is trained for classify-

ing images of cars, it learns to extract features from car images that are also useful

for other types of images, such as the shape of tires being similar to the shape of a

ball. This argument holds for abstract representations that can have no meaning

to us but are relevant for data analysis.

Transfer learning refers to the practice of training models on large datasets

similar to data of the target domain, then retraining (or fine-tuning) the model

using the training dataset available for our target task. Therefore, the model pa-

rameters learned in one massive dataset are transferred to another similar do-

main and serve as initialization points for the new optimization process; hence,

the name transfer learning [75].

Transfer learning is a common practice for training DL models where the data

is scarce, and it has been proven effective in the particular field of medical im-

age analysis [8, 22]. It has the potential to improve the generalizability, efficacy,

and precision of DL models for medical image analysis [8]. Transfer learning is

used in all the CNNs studied in this thesis for the above-stated reasons and since

training contemporary CNN architectures from scratch is too expensive in terms

of computational power and time for the scope of this research.
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2.4 Hyperparameters

Section 2.3.2 introduced the concept of hyperparameter as any parameter of an

ML algorithm that defines the nature and operation of the model and learning

procedure. Thus, the word hyperparameter encompasses many different aspects

of an ML system. From design choices such as the type of algorithm, in the case of

ANNs, number of layers, neurons per layer, type of layers, in the case of CNNs, the

number of filters in a conv layer, the shape of the kernels in each layer, and also

other non-design choices that are consequential in the final model performance,

such as the algorithm to train the network. Then, some choices come with their

own hyperparameters. For instance, if SGD were to be used to train a model,

a learning rate for the SGD algorithm would have to be chosen, or if a swarm

algorithm were to be used, the number of individuals in the population and the

topology of their interaction would have to be set, and so on.

The hyperparameter configuration defines an MLmodel, the space of parame-

ters for the hypothesis function, and how the ML algorithm explores and exploits

the parameter space. Let us categorize the hyperparameters into two classes: (1)

Design hyperparameters, which define the type of model and its structure, and

(2) learning hyperparameters, which, as the name suggests, define the learning

procedure.

2.4.1 Design hyperparameters

There are several design choices when developing an ML system. Let us constrain

to the specific case of CNNs. A CNN architecture is a particular arrangement of

operators, including at least one conv layer. Several options, including the type

of operators in a network and the specific order in which they interact, define

a particular architecture. Let us analyze some quintessential characteristics that

describe a CNN architecture.

Structural properties

When designing a CNN, one has to decide every aspect that defines the model

topology. In DL, the number of layers denotes the network’s depth. As for CNNs,

69



a layer’s width refers to the number of channels in the layer. For consistency, when

talking of FC layers, let the layer’s width describe the number of neurons in it. The

designer has to set the CNN depth and the layers’ width. Besides, as explained in

Section 2.2, every layer consists of different operations. Hence, the designer must

define the type and order of operations in every layer. For instance, if the layer

includes a batch normalization phase, and if it does, where the operation is to be

performed.

Speaking of CNNs, as Section 2.2.2 states, the kernels in a CNN have an arbi-

trary shape, although they customarily have the same height and width of non-

even size (for example, 3x3 or 5x5). Additionally, pooling operations downsample

the output size of conv layers to an arbitrary size; the shape of pooling operations

must be defined just as the kernels’, and both kernels and pooling operators have

other hyperparameters such as the stride size and the use of padding, which is

the practice of adding zeros around the border of the inputs to perform the conv

or pooling operation using all the elements of the original data.

Lastly, the designer has to set the connections between layers. For many years,

CNNs operated as sequential neural networks. Hence, all the connections in a

CNN feed the output of one layer only to the following one. This practice rapidly

evolved, with studies showing that using skip or residual connections drastically

improves the training efficiency (and the models’ performance) [82, 83]. Then,

other types of connection came, such as dense connections [84].

Activation functions

In theory, any non-linear function applied to the neuron’s outputs would grant

with non-linear behavior to an ANN. However, there are some desired aspects to

an activation function. For starters, the function has to be continuously differen-

tiable so it is compatible with the backpropagation of the gradients and allows the

application of gradient-based optimizers for training [72]. In this regard, smooth

and monolithic functions are best for the matter [72]. Finally, functions with a fi-

nite range and identity-like symmetric behavior near the origin are also preferred,

considering the gradient-optimization process [72].

As Section 2.2.4 states, ReLU is the default activation function for CNNs. How-
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ever, several other options exist. Many modern CNNs usually use other activation

functions to improve different aspects of the networks. Let us cover the other ac-

tivation functions that some of the studied architectures in this thesis employ.

A frequent activation function in modern architectures is the gaussian error

linear unit (GELU) [85], and it is defined as

aGELU = XGELUΦ(XGELU ) (2.55)

where Φ(XGELU ) is the standard Gaussian cumulative distribution function of

XGELU . So, GELU is approximate to

aGELU ≈ 0.5XaGELU


1+ tanh




√
2

π
(XaGELU +0.044715X3aGELU )





 (2.56)

From the same family of activation functions as GELU, the sigmoid linear unit

(SeLU) activation function [85] is another common activation function of recent

CNN architectures. The difference between GELU and SeLU is the cumulative

distribution function it uses. In contrast to GELU, SeLU uses the logistic sigmoid

function σ(XSeLU ). Hence, the SeLU activation function is

aSeLU = XSeLUσ(XSeLU ) (2.57)

GELU and SeLU are like a smooth version of ReLU [85]. However, they differ

from ReLU in that they are non-convex, non-monotonic, and non-linear in the

positive domain [85]. These characteristics can help GELU and SeLU to better

approximate complex functions than ReLU [85].

Another activation function used in modern CNNs is the hard-swish (h-swich)

function [86],

ah-swish(Xh-swish) = Xh-swish
ReLU6(Xh-swish +3)

6
(2.58)

where

ReLU6(Xh-swish) =min(max(0,Xh-swish),6) (2.59)

71



The h-swish activation function is very similar to the SeLU activation. But, it

eliminates the logistic sigmoid function σ(X) to alleviate the computational load

of computing it. Hence, h-swish has many of the advantages of SeLU and is more

efficient.

Figure 2.13 shows the GELU, SeLU, and h-swich activation functions. These

are examples of somemodern activation functions, but there aremany others. The

designer of a CNN has to decide the best activation function for their particular

circumstances.

Figure 2.13: GELU, SeLU, and h-swich activation functions.

Specialized operators and modules

There are special types of operators and arrangements of these elements (mod-

ules) that CNNs can use. Let us briefly discuss the special modules that some of

the CNN architectures studied in this thesis employ. For example, there are ex-

traordinary types of convolutions like depth-wise convolution and point-wise

convolution that decompose the standard convolution to make more efficient ar-

chitectures [87,88], or group convolutions that can be used to generate a new di-

mension in CNNs called cardinality that refers to the number of transformations
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in a layer [89]. By augmenting the cardinality of its layers, a CNN can improve

its performance without augmenting its capacity (roughly speaking, number of

parameters, depth, and width).

Also, some modules or blocks can be directly inserted into CNNs. Modules are

specific arrangements of CNN elements that work in certain configurations to en-

dowmodels of certain behaviors or capabilities, such as the inceptionmodule [90]

that performs multi-scale feature extraction using kernels of different sizes and

dimension-reduction operations, then concatenates the outputs of these opera-

tions to feed the next layer. Or attention modules, like Squeeze-and-Excitation

blocks [91] that use global pooling and an MLP to add channel-wise attention to

a CNN, or convolutional block attention module (CBAM) [92] that adds channel

and spatial attention to a CNN layer in a way similar to the operation of Squeeze-

and-Excitation blocks.

Here, a few special operators and modules are listed to illustrate that when

creating a CNN model, there are many design options to consider. Even when

choosing modules that are fixed arrangements of operators, the designer has to

determine where to implement them in a model and howmany times to use them.

All of these are design hyperparameters.

2.4.2 Learning hyperparameters

The learning hyperparameters are all the choices that define the learning pro-

cedure. Speaking of ANNs, some of the fundamental learning hyperparameters

include the selection of a proper cost function, optimizer for learning the pa-

rameters (as the endemic hyperparameters of the optimization algorithm), data

augmentation techniques, regularization methods in the cost function, optimizer,

and augmentation, the selection of stop criteria for the optimizer, etcetera.

Let us explain some prominent learning hyperparameters to keep under con-

sideration when training a CNN model. These will become fundamental for the

research presented in Chapter 3.
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Learning rate

The learning rate is the size of the change in the parameters’ values for every op-

timization iteration using a gradient descent algorithm [7]. Hence, the learning

rate is closely related to the optimizer and is one of the most influential hyperpa-

rameters for ANN models [1,73].

The learning rate value can determine the convergence of the learning proce-

dure. High learning rates can generate an unstable learning procedure by causing

oscillation along the local optimal [73,75]. Whereas low learning rates can be inef-

ficient at approaching the local optimal, drastically augmenting the needed time

for training [73, 75]. Thus, the recommended approach for training DL models

is to use a dynamic learning rate, starting with higher values to accelerate con-

vergence and decreasing the learning rate iteratively to reduce oscillating when

getting closer to the local optimal.

There is a whole area of approaches to deliver dynamic learning rates. The

techniques used for this purpose are called learning rate schedulers. Neverthe-

less, learning rate schedulers have their own hyperparameters, increasing the

number of choices for developers to set when generating amodel. Also, onemodel

can deal with different learning rates, using a learning rate per layer, per neuron,

or even per parameter during training [73, 75]. Nowadays, it is common to use

optimizers with different mechanisms for adaptive rate of change per parameter.

This thesis uses this type of optimization algorithms, which are specified in each

section. However, these optimizers still apply a nominal learning rate customar-

ily delivered by a learning rate scheduler, and the details about their specialized

mechanisms lay outside the scope of this thesis.

Optimizer

Optimization algorithms for training DL models have their own research agenda.

Some of the challenges that optimizers have to overcome to train ANNs effectively

are the networks’ complexity, training data scarcity, and non-convex optimization

surfaces.

SGD is still the foundation of many optimizers currently used for training DL

models like Adam and Adamax [93]. As the optimizers get better at finding local
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optimal, they also get more complex and frequently have hyperparameters that

require tuning. For instance, SGD-based optimizers regularly use momentum

factors to avoid early convergence issues, factors that need to be set by the user.

Some optimizers can work better for some architectures and datasets than oth-

ers. Furthermore, the performance of an optimizer is dependent on the interac-

tions between itself, its hyperparameters, the learning rate, the model, and the

data [73]. DL developers have to choose the most appropriate optimizer for their

system among the options available to train ANNs. Chapter 3 covers this matter.

Weight decay

Weight decay is also known as L2 regularization, and as the name suggests, it is

a regularization technique. It is widely used in ML algorithms, including DL [7].

In ANNs, weight decay discourages parameters with high values by summing

a factor that accounts for the L2 norm of the synaptic weights to the loss function.

Then, the loss with weight decay is

EWD = E +λ [{θ \B}]T [{θ \B}] (2.60)

where E is an arbitrary loss function, λ is a scalar (and a hyperparameter) that

controls the contribution of the L2 norm to the loss, θ is the set of the network

trainable parameters, B ∈ θ is the subset of biases, and [{θ \B}] is a vector con-

taining all the trainable parameters of the network but the biases.

Data augmentation

Training DL models demands vast amounts of data. If there is not enough data

available for training, the model will fail at learning the structure of the target

domain. An option to deal with this common issue is creating new artificial data

by transforming the training samples with expected variations of the data type

while keeping the labels the same [75].

Data augmentation implicitly adds regularization to amodel since it augments

its generalizability by expanding the domain of training samples. Data augmenta-

tion uses sets of random transformations in the training input data. In the context
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of images, some regularly used transformations are flipping the images, rotating

them, cropping portions of them, altering the color channels, or even injecting

noise into the data [7].

However, it is imperative to consider the features that are essential to our tar-

get data and task when performing transformations to the training data, as some

transformations can alter these features, causing the algorithm not to learn them.

A classic example of this is the assessment of images with textual information,

where the orientation of the symbols is relevant to their meaning. Hence, the

type of data augmentation to apply is another relevant hyperparameter for the

generation of DL models.

Initialization values

The first step in training an ANN is initializing its parameters’ values. This pro-

cedure is referred to as weight initialization. Properly doing so is a determinant

factor for the convergence of the training process [94,95]. The optimal initializa-

tion values are data-dependent, so it is unattainable to know them a priori [94].

Several techniques for parameter initialization of ANNs exist [94,95]. Choosing a

suitable one can accelerate the learning procedure and lead to better local optimal

sets of parameters [95].

When using transfer learning, the initial parameter values are the ones of the

pre-trained model. Still, usually, at least the last part of the networks (the clas-

sifier for classification models) has to be constructed from scratch. Thus, their

parameters need an initialization technique. Three approaches exist for initializa-

tion parameters with unknown values: (1) random initialization, (2) data-driven

initialization, and (3) hybrid paradigms [95].

Designing efficient weight initialization techniques is challenging since ANN

optimization is yet to be understood [9]. One of the few properties that is well-

known about it is that the initial parameter values have to break symmetry, so

the units learn different things, a situation that motivates random weight ini-

tialization from Gaussian or uniform distributions [9]. The characteristics of the

distribution to draw the parameters’ initial values are common hyperparameters

when training DL models.
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All the CNNs employed within the research of this thesis use transfer learn-

ing. Therefore, the initialization values are the pre-trained parameters, which are

specified in each section.

Training epochs

A training epoch refers to one complete iteration over all the training samples.

As DL models use batches of data during training, one training epoch uses all

the training batches. Training epochs are the default metric measure for training.

Nevertheless, there is no deterministic method to define the required epochs to

train a given ANN.

The developer has to determine the length of the training procedure. It can

be training for a fixed number of epochs (a number that usually comes from the

developer’s own experience) or another type of automatic stop criterion, for in-

stance, using some performance metric of the ANN to determine when training

is not improving any longer the performance of the model. A good practice for

this is keeping apart a subset of the training data to assess the performance of the

model under training. This subset is called the validation set and is instrumental

for hyperparameter tuning.

The methods that automatically stop the training process using some metric

other than the number of epochs are known as stop criteria or early stopping. An

early-stop method is also a form of implicit regularization since it can help detect

overfitting and stop training, thus impeding the model from continuing to adjust

only on the training dataset for the sake of generalization [1].

Loss function

The standard loss function for training DL models for image classification is the

cross-entropy loss [1, 7, 96] as stated in Section 2.3.1. Nevertheless, recent evi-

dence shows that the selection of the loss function can impact the performance of

classification DL models [96]. Therefore, the choice of the loss function can also

be considered as a hyperparameter that requires careful tuning from DL practi-

tioners. This is further elaborated in Chapter 3.
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2.5 Evaluation metrics for image classification

A central topic of classification systems is the proper evaluation of classification

performance, which can be qualitative (using expert knowledge of the target do-

main) and quantitative (based on sampling methods) [6]. This thesis focuses on

the quantitative evaluation of the performance and deals with the single-label

multi-class classification task with K different classes. The output of the CNN

model is a logit vector ŷ ∈ RK . The classification algorithms in this thesis consider

that every image belongs to the class with the highest positive value in ŷ.

The following metrics are used to evaluate the classification performance of

the studied algorithms: categorical accuracy (CAT-ACC), macro-specificity (Macro-

SPEC), macro-precision (Macro-PREC), macro-recall (Macro-REC), macro-average

F1 score (F1), and Matthew’s correlation coefficient (MCC):

CAT-ACC =

∑K
k=1TPk

ρ
(2.61)

Macro-SPEC =
1

K

K∑

k=1

TNk

TPk +FPk
(2.62)

Macro-PREC =
1

K

K∑

k=1

TPk
TPk +FPk

(2.63)

Macro-REC =
1

K

K∑

k=1

TPk
TPk +FNk

(2.64)

Macro-F1 = 2×
Macro-PREC×Macro-REC

Macro-PREC+Macro-REC
(2.65)

78



MCC =
ρ ×

∑K
k=1TPk −R1√

(ρ2 −R2)(ρ2 −R3)
(2.66a)

where

R1 =

K∑

k=1

(TPk +FPk)× (TPk +FN k) (2.66b)

R2 =

K∑

k=1

(TPk +FPk)
2 (2.66c)

R3 =

K∑

k=1

(TPk +FN k)
2 (2.66d)

Here, TPk , TNk , FPk and, FNk stand for true positive, true negative, false positive

and, false negative, respectively, for a given class k, and ρ is the total number of

predicted samples.

Accuracy is the most usedmetric to assess the performance of models for med-

ical image classification in the literature [8]. Nonetheless, accuracy alone can be

mischievous when using imbalanced datasets since it considers all the samples

the same, disregarding the proportion of data [97]. Hence, classes with fewer

samples have little impact on the overall accuracy performance. Data imbalance

is endemic to the medical domain, so the MCC is elected as the principal per-

formance indicator in the thesis since this metric is suitable for total unbalanced

classification models [28,97].

To assess the performance of a model for medical image classification, con-

sider that in the industry, the standard for automatic detection systems is 0.85

for specificity and sensitivity (recall) [28]. For inference speed, the metric is the

number of process images per second or frames per second (FPS). In the context

of image analysis, models capable of processing at least 64 FPS can be consid-

ered capable of performing in real-time, a vital trait in clinical settings [28].
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Chapter 3

Genetic algorithm-based

hyperparameter optimization

Abstract

Machine learning has evolved rapidly during the last decade. Specifically, the

neural networks field has thrived with the advent of the big data era and re-

cent technological advances, allowing the implementation of deep learning tech-

niques. Consequently, convolutional neural networks became the mainstream

approach for the development of computer vision systems. Yet, the continu-

ously growing complexity of these networks, as their several design choices (hy-

perparameters) and their intricate interactions that define the performance of

these models in particular tasks, hinder the spreading of this technology to non-

machine learning expert users. Automated machine learning offers a solution

to this issue, relying on hyperparameter optimization algorithms for the auto-

matic selection of these enigmatic variables. Genetic algorithms are suitable for

non-convex, non-differentiable optimization tasks and are easy to implement and

parallelize, all advantageous qualities for deep learning applications.

For these reasons, this chapter covers the creation of Gen-CNN: an automated

machine learning framework based on a genetic algorithm that optimizes the se-

lection of hyperparameters and automatically generates convolutional neural net-

work models optimized for the classification of images in the domain of a given
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dataset. Gen-CNN aims to facilitate the utilization of convolutional neural net-

works for real-world applications. Hence, it exclusively employs low compu-

tational complexity CNN architectures that can operate in ordinary electronic

devices. The proposed framework is tested on three medical image datasets:

KVASIR-v2, ISIC-2019, and BreakHis. The experimental results prove that Gen-

CNN generates CNN models with classification performance comparable to or

even better than state-of-the-art systems in the current literature with models

of significantly less computational complexity. Gen-CNN code is available at

Github.com/RogeGar/Gen-CNN

3.1 Introduction

The advent of AI in every aspect of modern life has created the expectation that

it will soon become a core supporting element for medical practice [20,20–22,29,

98]. At the research level, there are cases of DL systems for medical image analysis

with analog or superior performance than medical specialists [20, 22, 23, 25, 26,

30]. Yet, many challenges remain to overcome before these systems can meet the

expectations and necessities of the medical community for their integration into

actual practice [8,29,99,100].

A current limitation of DL systems in medicine is the computational load that

they convey, which is a constraint for deployment in clinical settings [7,8,29,31].

Furthermore, the capability of performing in real-time is a desired characteris-

tic for medical image analysis systems [25, 28, 99, 101] that many state-of-the-art

architectures can not deliver [31].

The continued demand to keep improving the DL models’ performance in

terms of accuracy usually leads to the creation of models with increased com-

plexity to expand the models’ capacity and translate that into better performance

[102]. However, large-scale models’ computational needs hamper their viability

for resource-constrained applications [102–104]. Also, increasing the size and

complexity of DL models can generate other issues, such as over-fitting [29,105],

exploding gradients, and degradation problems [29,103]. Besides, more complex

models usually lack interpretation methods, which are essential for medical ap-

plications [8].
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The selection of the ML paradigm and configuration of their design and train-

ing hyperparameters define the performance of MLmodels [106–109]. Effectively

setting all of these options is burdensome and problematic, particularly for inex-

perienced AI practitioners [106, 109, 110]. In addition, the optimal selection of

model and hyperparameters is dataset-dependent [107, 111]. Previous studies

have demonstrated that a proper configuration of hyperparameters is decisive for

the final classification performance of a DL model in the medical field [8].

Designing custom models (manually) has been effective for different CV ap-

plications in the past [112], but the broadening of design choices hinders finding

optimal models [16,106–111]. Thus, creating DL models for medical image anal-

ysis demands both time and expert ML knowledge to generate optimal models

considering the particular dataset and necessities of the field [109]. This situation

can delay the development of these systems and dissuade non-AI experts (includ-

ing medical doctors) from following this research path [109]. However, the physi-

cians’ collaboration is crucial for this field’s progress [28,29,99–101,113,114].

AutoML comes as a solution for these circumstances. AutoML enables the

creation of ML applications for non-expert ML users, improves the performance

of models, and accelerates ML research [106, 107]. HPO is the nuts and bolts

for hyperparameter selection automation, so AutoML frameworks can effectively

generate ML models to solve practical problems [106,111].

HPO deals with non-convex, non-differentiable optimization problems with

continuous, discrete, categorical, and conditional variables, reasons why regu-

lar optimization techniques are inadequate for it [109, 111]. Therefore, HPO

systems take optimization approaches that can operate under these conditions,

such as decision-theoretic approaches, bayesian optimization (BO) models, multi-

fidelity optimization techniques, and metaheuristics algorithms [107, 108, 111,

115]. Nonetheless, the extensive and growing number of hyperparameters and

complex search space have left many techniques, like BO models, impractical to

use [106]. Parallel computing can tackle these issues; thus, it has become a prized

feature for optimization algorithms in the context of HPO in DL systems [106].

On account of the above statements, this chapter covers the development of

an AutoML framework founded on a GA that performs HPO, Gen-CNN. GAs are

a type of evolutionary scheme that can effectively find optimal solutions for many
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ML problems, especially in large and complex search spaces when the objective

function evaluation is expensive [107, 110, 115, 116]. Moreover, GAs do not re-

quire many constraints and are easy to implement and parallelize [107].

Gen-CNN delivers automatically generated CNN models for image classifica-

tion using datasets as input. Figure 3.1 shows a diagram of the Gen-CNN oper-

ation. It uses pre-trained CNNs to deal with applications with scarce data. In

contrast to other HPO frameworks, Gen-CNN targets the maximization of the

validation MCC to improve the overall classification performance of the result-

ing model and counteract meta-overfitting. Additionally, it uses a low-compute

regime for the GA’s evaluation phase to attenuate the computational load of the

algorithm and accelerate the HPO, approach that has been successful in the con-

nected area of neural architecture search (NAS).

3.2 Hyperparameter optimization

As Section 2.4 explains, the concept of hyperparameters covers all the choices

that define an ML model and training procedure. Contrary to parameters, the

quantitative measurement of the influence on the final models’ performance of

the different hyperparameters is still a research open dilemma [106]. Ergo, HPO

is a prominent researched AutoML subfield [108].

Generating effective ML models for practical applications involves the hyper-

parameter selection enterprise, for whichmanual hyperparameter tuning remains

the prevalent practice, even at the research level [106, 110, 111], even though

it is wasteful in terms of time and expert knowledge [106, 107, 109, 111, 112].

Nonetheless, manual tuning grows ineffective due to the increasing number of

hyperparameters, their complex non-linear interactions, and protracted evalu-

ation [106, 111]. Thus, research on HPO algorithms keeps on gaining impor-

tance [111].

Again, as Section 2.4 describes, there are design and training hyperparame-

ters. NAS is a research area encompassing algorithms that focus on design hyper-

parameters of DL models, and their purpose is automatically creating architec-

tures [82, 102, 117–119]. NAS has proliferated in the last decade and has outper-

formed some of the best human-design architectures on several tasks, including
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Figure 3.1: Diagram of Gen-CNN, the developed framework for the automatic
generation of CNNs using a GA for HPO.

image classification [86,102,112,117,118].

NAS overlaps with HPO and can be seen as a subfield of it [117]. However,

they differ in their search spaces’ nature, so they tend to use different techniques

[117]. HPO operates under a search space of numerical and categorical variables

whose domains are treated independently [82, 117]. On the other hand, NAS

optimizes the topology of the architecture, which can be represented as an acyclic

graph, so its search space is usually discrete and can be represented with a graph

since it is a hierarchical structure of conditional hyperparameters [112,117,118].

HPO systems are usually based on multi-fidelity optimization techniques, BO

models, decision-theoretic approaches, and metaheuristic algorithms since these

techniques can deliver results for non-convex and non-differentiable optimization
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surfaces [107,108,111].

From the decision theoretical methods, grid search (GS) and random search

(RS) are techniques that find the best set of hyperparameters space by evalu-

ating different sets inside a defined search space [107, 111]. For GS, the user

specifies a domain of values for each variable, and the algorithm uses the Carte-

sian product of the set values as possible solutions to evaluate. GS is easy to

implement and parallelize [111]. Nevertheless, it does not exploit the informa-

tion acquired during the evaluations and suffers from the curse of dimension-

ality [107, 108, 110, 111] (the exponential growth of required evaluations with

respect to the number of optimized values).

RS tries different sets of hyperparameters in the search space without exploit-

ing the evaluated data, similar to GS. Yet, RS avoids the dimensionality curse since

it performs a predefined number of evaluations independently of the number of

optimized variables [107, 110, 111, 115]. RS randomly chooses values within the

search space rather than exploring it grid-wise, like GS [107, 110]. Nonetheless,

both RS and GS lack adaptive mechanisms to use the data from previous evalua-

tions and are inefficient in large search spaces.

BO has been succesful in HPO [107, 108, 111]. Unlike GS and RS, BO uti-

lizes the information obtained in the evaluations to adapt and propose new so-

lutions [107]. Also, BO uses a surrogate model for the evaluation phase, which

is more efficient than executing the actual objective function for every evalua-

tion [111]. The surrogate model uses a probability distribution from the data

acquired in the evaluations [107, 108, 110]. Then, an acquisition function sug-

gests new hyperparameter sets in a trade-off between the search space exploration

and the exploitation of the formerly evaluated regions [108,111]. BO systems use

different types of surrogate models, such as random forests, Gaussian processes,

and tree Parzen estimators [107,111].

Metaheuristic algorithmsmimic biological behavior for searching and are com-

mon in optimization systems since they are generally suitable for non-convex,

non-continuous, and non-smooth optimization problems [111]. Hence, they are

an appropriate approach for HPO [107, 111]. Metaheuristics such as particle

swarm algorithms and GAs have been successful for HPO [107,111].
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3.2.1 Genetic algorithms for hyperparameter optimization

GAs are evolutionary algorithms that use the operators of crossover and mutation

on previously evaluated solutions to search in a given space. GAs are noise-robust,

can performmulti-objective optimization, are easy to parallelize, andmanagemix

search spaces, reasons why they are often employed as global optimizers [107,

108].

Additionally, GAs have the upper hand in time complexity regarding other op-

timization methods for HPO, such as BO with Gaussian Process, Differential Evo-

lution, CovarianceMatrix Adaptation-Evolutionary Strategy, and hybrid Bayesian

optimization with GA or Differential Evolution, all of which have time complexity

is of O(n3) [107]. While GAs have an asymptotic run time of O(n2) [107].

The literature on GAs for HPO is rich. Particularly, GAs have had success

in the NAS branch, those are algorithms that focus on design hyperparameters

of DL models [44, 110, 118, 120–123]. On the other hand, the literature on GAs

applied for HPO on training hyperparameters is quite limited. Let us discuss the

significant existing studies.

Vincent et al. [107] performed an exhaustive analysis of different HPO meth-

ods for training hyperparameters of DL models. Their study included GAs and

hybrid techniques incorporating GAs. For the optimization process, they consid-

ered only numerical hyperparameters: learning rate, batch size, training epochs,

and momentum. The CNN architecture was manually selected from off-the-shelf

models for the experiments.

Other studies have explored HPO in training hyperparameters using transfer

learning. Li et al. [116] optimized the layers to fine-tune on a MobileNetV2 [124]

for different datasets using a GA. Ozcan et al. [125] experimented with a GA

and swarm algorithms to optimize the training epochs, batch size, learning rate,

weight decay, momentum, and data shuffling during training using transfer learn-

ing on an AlexNet [126].

As for AutoML systems that use GAs to generate CNN models for image clas-

sification targeting the specific dataset, there is CNN-GA [127], which employs a

NAS algorithm called Genetic CNN [122] for the automatic generation of the DL

models. Yet, this framework is centered on the design hyperparameters and uses
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fixed standard training hyperparameters.

Finally, Han et al. [115] performed HPO on both training and design hyperpa-

rameters using a GA. They optimized the learning rate, momentum, batch size,

kernels’ size, number of kernels, and number of neurons. However, their algo-

rithm requires the user to predefine the network structure, and it was only tested

on toy datasets in the generation of toy models just to prove the efficacy of GAs in

HPO.

Contrarily to all existing work, the system developed in this thesis, Gen-CNN,

centers on solving the generation of practical models by utilizing a GA that opti-

mizes categorical (CNN architecture, loss function, and optimizer) and numerical

hyperparameters (learning rate, weight decay), uniquely considering the CNN ar-

chitecture as a hyperparameter, selecting the optimal off-the-shelf architecture

within the computational requirements of the user. Also, to the best of the au-

thor’s knowledge, it is the first HPO system that considers the loss function as

another training hyperparameter since different loss functions can lead to differ-

ent (and better) outcomes [96].

In Gen-CNN, the optimizer (gradient-based for training) focuses on minimiz-

ing the loss in the training partition, and the GA deals with maximizing the vali-

dation MCC. So, the two optimization procedures operate in parallel with differ-

ent targets on different data partitions. This behavior is introduced to address the

critical and often overlooked issue of meta-overfitting of HPO systems [108,128],

which refers to overfitting to any of the data partitions or selecting apparently-

optimal hyperparameter well evaluated for the stochasticity in the training pro-

cedure. Hence, in Gen-CNN the prevailing hyperparameters are the consistently

good ones during the evolution of the population.

Also, using the MCC as the target metric regards the inherent imbalance of

real-world datasets, helping Gen-CNN to generatemodels that performwell across

all the classes of the input dataset.
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3.3 Methodology

3.3.1 Search space

Defining the search space is fundamental for any optimization procedure since it

contains all the possible solutions for the problem. In HPO, doing so is particu-

larly challenging and consequential in the performance of the system [108]. When

the hyperparameter space is too large, the curse of dimensionality desolates many

optimization approaches, and other methods are ineffective since there is no effi-

cient trade-off between exploration and exploitation. Whereas if the search space

is small, the resolution of the HPO might not meet the expectations [108, 110].

Therefore, an HPO algorithm has to find as few hyperparameters as possible as

long as the final performance of the model is acceptable [108].

The development of Gen-CNN was sequential. Early versions of the frame-

work [129, 130] consider other hyperparameters that were left behind by the

above argument. Let us describe the considered hyperparameters for the final

version of Gen-CNN.

CNN architecture

The goal is to automatically generate practical models that meet the requirements

for deployment in real-world applications, particularly for medical image analy-

sis. As discussed in Section 1.1.4, the fundamental needs are high accuracy, com-

putational efficiency, capability to learn with scarce data, and interpretability. All

of these attributes can be fulfilled by CNN models. Even though other types of

architectures, namely Transformers, can have better classification performance

under certain circumstances, research has shown that CNN models can equal or

even outperform Transformer-based state-of-the-art architectures with appropri-

ate architectures and learning configuration [17]. Therefore, Gen-CNN constrains

to CNN models. With the HPO, Gen-CNN boosts the classification performance

of off-the-shelf architectures by finding the optimal configuration of their learn-

ing hyperparameters.

Some architectures can adapt better to some datasets, and the GA performs

HPO to a specific dataset, finding the best-suiting architecture for the dataset
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under the computational requirements of the user. For efficiency, the search space

of Gen-CNN in this thesis consists of off-the-shelf CNNswith the highest reported

accuracy in classification tasks and low floating point operations (FLOP)s regime.

Architectures capable of performing on a mobile regime (with a FLOP complexity

of up to ∼ 600MFLOPs [16]) from a family of CNNs are included when available.

Table 3.1 shows the architectures within the search space of Gen-CNN for this

chapter.

Table 3.1: CNN architectures in the search space for chapter 3.
CNN family Architecture FLOPs

ConvNeXts [17] ConvNext-Tiny 4.5 G
EfficientNetV2 [131] EfficientNet-V2-Small 8.8 G

RegNet [16] RegNet-Y-400MF 400 M
RegNet-X-400MF 400M

MobileNetV3 [86] MobileNet-V3-Small 59 M
MobileNet-V3-Large 225 M
Shufflenet-v2-x1 0 146 M

ShuffleNetV2 [132] Shufflenet-v2-x1 5 299 M
Shufflenet-v2-x2 0 591 M

FLOPs: Floating Point Operations.

Learning rate

Defined as the step size of the parameter updating [7], this hyperparameter is

closely related to the optimizer since each one utilizes it and has different stan-

dard values for it, picked by their developers to provide an acceptable behavior

for a wide range of applications. Therefore, Gen-CNN introduces and optimizes

a hyperparameter a that scales the predefined learning rate for the selected opti-

mizer such that

α = a ·αoptimizer (3.1)

where α is the learning rate to use during training, a is the scaling factor opti-

mized using the GA, and αoptimizer is the default learning rate for the selected op-

timizer. Considering that Gen-CNN uses transfer learning in pretrained models
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and that the learning rate for fine-tuning is usually lower than the standard rec-

ommended values, the search space of the scaling factor is set to a ∈ [0.00001,1].

Weight decay

Regularization is an indispensable element for any DL model. Hence, regulariza-

tion hyperparameters are considered the second most influential hyperparameter

type for a DL model, only after the learning rate [1]. Weight decay is comprehen-

sively employed in the training of ML models [7]. As explained in Section 2.4.2,

it is a regularization that penalizes the weights’ high values in a neural network,

as shown in Eq. 2.60.

The contribution of the L2 norm to the loss λ is the hyperparameter optimized

by Gen-CNN. There is no deterministic way to define a good value for this hyper-

parameter. So, the range of values used in the respective papers of the CNN ar-

chitectures in the search pace is set as the search space for λ. The lowest value for

this hyperparameter is used in [17] and is 1× 10−8. The upper bound is set to 0.1

since values this high have been effective in multiclass classification tasks [133].

Hence, the search space is λ ∈ [1× 10−9,0.1].

Loss function

The softmax cross-entropy loss is the default loss function for image classification

problems using DL [1, 7, 96]. Nevertheless, softmax cross-entropy alone might

not be the best option for imbalanced datasets [7]. Additionally, there is evidence

that different loss functions lead to different classification performances with the

same architectures and datasets [96].

Some cross-entropy variants introduce regularization elements to the loss func-

tions, such as label smoothing that includes a little noise into the target values,

which serves to reduce the overconfidence of the model on its predictions [134].

In fact, this helps reduce the effect of miss-labeled samples on the training dataset

and allows the convergence of the loss function by eliminating the everlasting

variance between the labels (with hard values of 0 or 1) and the softmax output,

whose values only approximate 0 and 1 [9].

Other variants that add some elements to the vanilla cross-entropy loss are
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logit penalty and logit normalization. The logit penalty works similarly to weight

decay. It adds up the logits L2 norm into the loss function, which penalizes large

values of the output logits, constraining the logits to small values [96]. On the

other hand, logit normalization restrains the effect of the outputs’ magnitude on

the optimizer by normalizing the logits, encouraging the logits to have the same

directions as the training targets without promoting an increase in magnitude,

which can cause overconfidence problems [135]. Finally, sigmoid cross-entropy

is the standard loss function for training multi-label classification models. Yet,

using this loss in single-label multi-class classification problems (the ones that

Gen-CNN is designed for) can improve the classification performance by allowing

mutually inclusive predictions over the classes in the dataset [96,136].

The proper selection of a loss function for a specific dataset, architecture, and

training configuration is unclear: it is a research topic all alone. However, the

above-described loss functions have proven to be effective in improving the gen-

eralization of DL models [9, 96, 134, 135]. Hence, the softmax cross-entropy loss

function and the four above-described variants (label smoothing, logit penalty,

logit normalization, and sigmoid cross-entropy) comprehend the search space for

the loss function hyperparameter in the optimization process using the GA. For

the specific equations for these losses, please refer to [129] or [96].

Optimizer

Gradient-based optimization is the heart of neural network training. Yet, there

are various approaches to this type of technique, and some algorithms can work

better for particular architectures or datasets than others [137]. The search space

of optimizers comprises the optimizers that were effective in training the CNNs

within the search space in their respective research papers: Adam, SGD, Adamax,

and RMSprop.

3.3.2 Genetic algorithm

The GA mimics the principle of evolution. The best-adapted individuals in a

population have more chances of having offspring to pass their genes, preserving

their characteristics in the next generation [110,116]. In a GA, the individuals are
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solutions or points in the optimization surface, and the genes are the coded infor-

mation of the values to optimize [107,110]. The first population is generated with

a random function. Then, the next generations are the result of combining the

information of individuals in the previous population (crossover) and introduc-

ing new random information (mutation). Crossover exploits the information from

previous evaluations by binding the search to well-evaluated zones, and mutation

promotes the exploration of new zones in the search space to avoid early conver-

gence in sub-optimal regions. Iteratively, every generation improves its overall

performance until convergence, and the individual with the highest evaluation is

considered the global optimum [110,111].

In the GA, a population P comprises a given quantity N of individuals, and

every individual I is a set of genes I = {ι1, ι2, . . . , ιJ }. In the study case, J is the

number of hyperparameters to optimize, and every individual denotes a unique

combination of hyperparameters H in the search space.

The information encoding strategy is fundamental in any computational ap-

plication, and the problem domain determines the most effective approach [138].

In the particular case of Gen-CNN, the genes encode continuous and categorical

variables. Thus, real-valued genes are the best option to represent the full prob-

lem domain. Therefore, the possible hyperparameter values are encoded into the

interval [0,1] since the normalization of genes improves the overall performance

of GAs, especially when using crossover and mutation mechanisms [139] (as Gen-

CNN does). Figure 3.2 shows the encoding of hyperparameter values into the

[0,1] interval, and Figure 3.3 shows an example of what a population represents.

A CNN model is a hypothesis function h : x→ ŷ that maps the inputs x (im-

age’s pixels) into a predictions vector ŷ. θ are the trainable parameters of the

model, and hH is the hypothesis function represented by the model trained us-

ing the configuration of hyperparameters H. Therefore, a population has N dif-

ferent hypothesis hHi
, each of them with their own set of parameters θi , with

i ∈ {1,2, · · · ,N }, whose outputs are

ŷi = hHi (x,θi) (3.2)
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Figure 3.2: The individuals are composed of 5 genes {Ar,LR,WD,LF,Op} ∈ {0,1}5,
that stand for the hyperparameters of CNN architecture, learning rate scaling
factor, weight decay factor, loss function, and optimizer, respectively. The genes’
values are transformed into the hyperparameters’ values as shown for each gene.

Evaluation of the individuals

Optimization algorithms have an evaluation phase to acquire the information to

keep on the optimization. For GAs, the customary evaluationmethod is to execute

the target function. For Gen-CNN, that is training the models described by the

individuals in the population and estimating their performance with the elected

metric (validation MCC). Evaluation is the most expensive stage in terms of time

and computational resources, and many times poses a limitation for population-

based optimization algorithms. In the context of Gen-CNN, training as many

different DL models can be unattainable in a realistic time frame, making the

whole system impractical. To solve this matter, Gen-CNN applies a technique that

has been successful in the related field of NAS to save resources in the evaluation

phase [16], which consists of training the candidate models in a low-compute,

low-epoch regime. Specifically, training for the evaluation phase uses reduced
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Figure 3.3: Illustration of a population of N individuals where every individual
is a different hyperparameter combination for a CNN model.

image sizes (112 × 112) and a few training epochs (3). This scheme delivers low-

fidelity prototypes of the actual models but provides enough information to the

HPO algorithm to map the optimization surface.

As stated before, the core of the individuals’ evaluations is the validation MCC

(MCCval), which for an arbitrary i-th individual I in the population is defined as

MCCval(Ii) =MCC(T val , ŷvali ) =MCC(T val ,hHi (xval ,θi)) (3.3)

∀i ∈ {1,2, · · · ,N }, where MCC(·) is a function that applies Eq. 2.66 to the argu-

ment vectors, T val are the labels of the validation dataset, and xval are the inputs

(images) of the validation dataset.

As a final step, the evaluations of a population P are normalized. So, the final

evaluation Evi of an arbitrary i-th individual in the population is

Evi =
MCCval(Ii)−MCCval

min(P )

MCCval
max(P )−MCCval

min(P )
(3.4)

∀i ∈ {1,2, · · · ,N }, where MCCval
min(P ) and MCCval

max(P ) are the maximum and min-

imum MCCval evoked by individuals of the population P , respectively.
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Selection

Using the evaluations, Gen-CNN selects individuals in a population to pass their

information to the next generation. To that end, it employs a tournament mech-

anism in which every individual competes against another random individual in

the population, and the one with the highest evaluation gets selected. Therefore,

all the individuals have at least a chance to get into the selected population, but

the ones with the highest evaluations have more probability of doing so. Also,

one individual can get selected more than once. Thus, best-fitted individuals are

more likely to pass their genes to the next generation. Algorithm 1 shows the

pseudocode of the selection process 1.

Algorithm 1 Selection mechanism of the GA. Ev represents the evaluations of
the population P . Evi is the evaluation of the ith individual in P , and Rand(i)
stands for a random index of an individual in P . So, Rand(i) ∈ {1,2, · · · ,N }. All
the random values are drawn from a uniform distribution.

Input P ,Ev
Output Selected population PS
For All i ∈ P

Opponent← Rand(i) ∈ {1,2, · · · ,N }
If Evi > EvOpponent

Add Ii to PS
Else

Add IOpponent to PS
End If

End For

Generation

The offspring of the selected individuals are the next generation of solutions to

evaluate. The operators of crossover and mutation generate new individuals us-

ing the genes of the selected individuals. Any number of parents can be used

to create a new individual. The GA of Gen-CNN uses two parents to generate a

single individual. Each individual of the selected population mates with another

1Note. In this thesis, when referring to random values in the GA, all of them are drawn from a
uniform distribution.
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random individual in the same population to have offspring. Algorithm 2 shows

the pseudocode of the generation mechanism.

Algorithm 2 Generation mechanism of the GA. C and M are fixed hyperparam-
eters that represent the crossover and mutation probabilities, and |C | = |M |. All
individuals have the same C and M . Cι, Mι are the probabilities of mutation and
crossover for the gene ι. EvPS represents the evaluations of the selected popula-
tion PS . EvPSP1 , Ev

PS
P2 are the evaluations of the parents P1 and P2, respectively.

Rand(i) stands for a random index of an individual in PS . Rand([0,1]) is a ran-
dom value in the interval [0,1]. All the random values are drawn from a uniform
distribution.

Input PS ,EvPS ,M,C
Output New population P

For All I ∈ PS
P1← I
P2← IRand(i) ∈ PS
Of f spring ← P1
For All ι ∈Of f spring

If Rand([0,1]) < Cι

ιOf f spring =
ιP1Ev

PS
P1+ιP2Ev

PS
P2

EvPSP1+Ev
PS
P2

End If

If Rand([0,1]) <Mι

ιOf f spring ← Rand([0,1])
End If

End For

Add Of f spring to the new population P
End For

Replace the last I ∈ P for the best-evaluated I ∈ PS

Crossover combines the genetic information of the parents. There are different

mechanisms for doing so. Themost common practice is using the arithmetic mean

of the genes. Gen-CNN employs the weighted arithmetic mean as a function of

the evaluation of the parents. In that way, the parent with the highest evaluation

has more influence on the genes of the resulting offspring. Thus, a given gene

ιOf f spring of an offspring individual is given by

ιOf f spring =
ιP1EvP1 + ιP2EvP2

EvP1 +EvP2
(3.5)
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where ιP1, ιP2 are the genes, and EvP1, EvP2 are the evaluations of the parents 1

and 2, respectively.

As for mutation, it introduces new information to the offspring genes within

the search space, regardless of the parents’ genes. Mutation allows the GA to keep

exploring the search space and avoid premature convergence or getting stuck in

suboptimal local regions. Considering that the individuals’ genes are coded and

normalized, then the mutation of a given gene ιOf f spring of an offspring individual

is given by

ιOf f spring = Rand([0,1]) (3.6)

where Rand([0,1]) is a random value in the interval [0,1]. Finally, the genera-

tion mechanism employs an elitism policy where the best-evaluated individual in

the selected generation is introduced as the last element of the next generation to

aid the stability of the optimization process.

3.3.3 Training resulting model

At the end of the HPO, Gen-CNN trains a model with the hyperparameters of

the best-evaluated individual through the GA performance. This final model is

trained in a higher compute and epochs regime since the individuals in the GA are

low-fidelity prototypes. The conditions to generate the final models are training

for 50 epochs with the images resized to 448 × 448 using the Cosine Annealing

learning rate scheduler.

3.4 Results

3.4.1 Datasets

The Sign Language Digits dataset [140] is used to test the convergence of the HPO

technique employed by Gen-CNN. Themotivation for electing this dataset for this

purpose is that for testing the convergence of heuristic algorithms, the system has

to be executed several times to assess the convergence statistically, and doing so

with large datasets would require a lot of time and computation. Hence, a small

97



dataset (with a few thousand samples) is suitable for this type of experiment.

Additionally, the literature contains results of other studies using different HPO

approaches on this dataset, which serves to compare results.

The Sign Language Digits dataset has 2,062 RGB images of 218 different peo-

ple signaling the digits of the American Sign Language. It is a balanced dataset

with minimal variations in the number of samples per class. Figure 3.4 shows an

image of each class in the Sign Language Digits dataset.

Figure 3.4: Example images of every class in the Sign Language Digits dataset
[140].

The Gen-CNN framework is compatible with any type of image data. How-

ever, this thesis aims at creating practical models for medical image classifica-

tion. Thus, the test subjects for the developed framework are three medical im-

age datasets with different types of images from distinct specialties: (1) KVASIR-

v2 [141], (2) ISIC-2019 training data (consisting of the BCN-20000 Dataset [142],

HAM10000 Dataset [143], and MSK Dataset [144]), and (3) BreakHis-v1 [145].

The KVASIR dataset contains 8,000 images of eight different gastrointestinal

findings in endoscopic images. The classes are different types of anatomical land-

marks (Normal cecum, Normal pylorus, and Normal z-line), pathological findings

(Esophagitis, Polyps, and Ulcerative colitis), and endoscopic procedures (Dyed

lifted polyps and Dyed resection margins). Figure 3.5 shows a sample of every

class in the KVASIR-v2 dataset. The KVASIR dataset is balanced. Hence, it con-
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tains 1,000 images of each class.

Figure 3.5: Example images of every class in the KVASIR-v2 dataset [141].

The ISIC-2019 dataset consists of 25,331 dermoscopic images that belong to

one of eight different categories: Melanoma, Melanocytic nevus, Basal cell carci-

noma, Actinic keratosis, Benign keratosis, Dermatofibroma, Vascular lesion, and

Squamous cell carcinoma. The ISIC-2019 is an imbalanced dataset, so the number

of samples for each class varies significantly. Figure 3.6 shows a sample of every

class in the ISICS-2019 dataset.

The Breast Cancer Histopathological Image Classification (BreakHis) dataset

comprises 7,909 microscopic images of breast tumor tissue. The images were col-

lected at different magnifying factors (40X, 100X, 200X, and 400X) and can be cat-

egorized into two principal classes: Malignant tumors and benign. Further, each

sample in the dataset also belongs to one of eight classes. There are four benign

breast tumors’ subclasses: adenosis (A), fibroadenoma (F), phyllodes tumor (PT),

and tubular adenoma (TA); and four malignant tumors: carcinoma (DC), lobu-

lar carcinoma (LC), mucinous carcinoma (MC) and papillary carcinoma (PC). The

proposed framework is employed to generate a model to classify the images of

this dataset into eight different subclasses, regardless of the images’ magnifying

factor. The BreakHis dataset is imbalanced, hence the number of samples for class

(and subclass) differs. Figure 3.7 shows a sample of every class in the BreakHis
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Figure 3.6: Example images of every class in the ISIC-2019 dataset [142–144].

dataset, regardless of their magnifying factors (40X, 100X, 200X, and 400X).

Figure 3.7: Example images of every class in the BreakHis dataset [145] (ignoring
their magnifying factors).

Every dataset is split into three partitions for training, validation, and testing.

Each of these partitions contains 60%, 20%, and 20% of the data, respectively.

Table 3.2 shows the number of samples in each partition for all the datasets em-

ployed in the experiments.
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Table 3.2: Number of samples in every dataset and partition for the experiments.
Dataset Class Train (60%) Valid (20%) Test (20%)

0 123 41 41
1 124 41 41
2 124 41 41

Sign 3 124 41 41
Language 4 124 42 41
Digits 5 124 42 41

6 124 42 41
7 124 41 41
8 125 42 41
9 122 41 41

Total 2,062 1,238 414 410

Dyed lifted polyps 600 200 200
Dyed resection margins 600 200 200

Esophagitis 600 200 200
KVASIR Normal cecum 600 200 200

v2 Normal pylorus 600 200 200
Normal Z-line 600 200 200

Polyps 600 200 200
Ulcerative colitis 600 200 200

Total 8,000 4,800 1,600 1,600

AK (Actinic keratosis) 520 174 173
BCC (Basal cell carcinoma) 1,994 664 665
BKL (Benign keratosis) 1,574 525 525

ISIC-2019 DF (Dermatofibroma) 143 48 48
MEL (Melanoma) 2,713 904 905

NV (Melanocytic Nevus) 7,725 2,575 2,575
SCC (Squamous cell carcinoma) 377 126 125

VASC (Vascular lesion) 152 51 50
Total 25,331 15,198 5,067 5,066

Adenosis 266 89 88
Ductal carcinoma 2,070 690 691
Fibroadenoma 608 203 203

BreakHis Lobular carcinoma 376 126 124
Mucinous carcinoma 475 158 159
Papillary carcinoma 337 112 111
Phyllodes tumor 271 91 91
Tubular adenoma 342 114 114

Total 7,909 4,745 1,583 1,581
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Data augmentation

During training, every batch of data goes through a transformation phase where

the techniques of random crop, random rotation (of up to 90◦), random vertical

flip (50% of occurrence probability), random horizontal flip (50% of occurrence

probability), and color jitter transformation serve as augmentation techniques.

3.4.2 Experimental setting

All the experiments used the same software and hardware conditions: AMDRyzen

5 3400G CPU, one NVIDIA GeForce GTX 1660 Ti GPU, 16 GB RAM, and 476 GB

systemmemory. All the algorithms were implemented in Python 3.8.16, using the

environment Spyder 5.4.2. Pytorch 1.13.1 and CUDA 11.6 are the frameworks for

neural networks and optimizers (Adam, SGD, Adamax, and RMSprop). The opti-

mizers used their default values in Pytorch for their specific hyperparameters.

3.4.3 Testing the convergence of Gen-CNN

The convergence of heuristic algorithms, such as GAs, is not deterministic. There-

fore, heuristic algorithms can reach different solutions for the same problem un-

der the same conditions. Yet, a good optimization platform should deliver reliable

results (with similar performance), regardless of the approach. The guidance to

test the convergence of heuristic algorithms is executing them on the same task

and under the same conditions for 30 repetitions to assess the similarity of re-

sults [125]. This experiment for Gen-CNN was carried out using the Sign Lan-

guage dataset. Table 3.3 displays the results of the experiment and other HPO

algorithms in the literature using the same dataset and number of evaluations

during the optimization (results from [125]). It is important to remark that the

studies in Table 3.3 also deal with hyperparameter optimization, but their opti-

mization target differs from the Gen-CNN’s target since they are minimizing the

error rate on the validation dataset (Dval), so their algorithms’ target is

min
H

[1−CAT-ACC(hH〉(Dval))] (3.7)

whereas Gen-CNN’s target is
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max
H

[MCC(hH〉(Dval))] (3.8)

In the optimization targets (3.7) and (3.8), hH〉 is the mapping function de-

noted by the CNN model configured by the i-th set of hyperparameters H in the

population, as defined in previous sections. Although the other algorithms in

Table 3.3 are directly maximizing the CAT-ACC (by minimizing the error rate),

whereas Gen-CNN maximizes the MCC, Gen-CNN attains a higher mean CAT-

ACC, which suggests that the selection of MCC as the optimization target is effec-

tive in enhancing the overall classification performance of the generated models.

Table 3.3: Performance comparison of the proposed approach to other HPO al-
gorithms using the Sign Language Digits dataset [140]. Mean and standard de-
viation of the resulting models’ Cat-ACC after 30 repetitions of the optimization
algorithms. All the algorithms used the same number of evaluations during the
optimization cycle.

Optimization Optimized CAT-ACC
algorithm hyperparameters Mean (STD)

Genetic Training epochs, batch size, learning rate, 0.9830
algorithm [125] weight decay, data shuffling, momentum (±0.0075)
Particle swarm Training epochs, batch size, learning rate, 0.9816
optimizer [125] weight decay, data shuffling, momentum (±0.0105)
Artificial bee Training epochs, batch size, learning rate, 0.9840

colony algorithm [125] weight decay, data shuffling, momentum (±0.0081)
Gen-CNN CNN architecture, learning rate, weight 0.9918

(proposed approach) decay, loss function, and optimizer (±0.0138)

3.4.4 Assessing Gen-CNN against state-of-the-art hand-design

models for medical image classification

To test the performance of the models automatically generated using Gen-CNN,

these are compared to state-of-the-art hand-design models in the three medi-

cal image datasets. Gen-CNN uses the hyperparameters and training conditions

that Table 3.4 shows for all the experiments. The resulting models are compared

against the models with the highest reported classification metrics in the current

103



literature for each dataset.

Table 3.4: Fixed Gen-CNN’s hyperparameters and final training conditions for
the experiments with the KVASIR-v2, ISIC-2019, and BreakHis datasets. The
crossover and mutation probabilities are normalized, and the values are for the
genes of CNN architecture, loss function, optimizer, learning rate, and weight de-
cay, respectively.

Hyperparameter Value

For Gen-CNN
Generations 25
Individuals 50

Training epochs for each individual 3
Image size 112× 112

Evaluation function MCC (validation)
Crossover probability [0, 0, 0, 0.9, 0.9]
Mutation Probability [0.4, 0.4, 0.4, 0.2, 0.2]

For training the model with the resulting optimal hyperparameters
Epochs 50

Image size 448× 448
Learning rate scheduler Cosine Annealing

The best-evaluated individual during the whole optimization process is con-

sidered the optimal solution. Table 3.5 shows the optimal hyperparameters set

found using Gen-CNN for the three tested datasets. Then, the final model is

trained with the optimal hyperparameters found (on a single HPO implementa-

tion) and using the conditions that Table 3.4 shows.

The classification performance metrics using the test partition were calcu-

lated for the comparison of the automatically generated models using Gen-CNN

and the state-of-the-art hand-design models in the literature. Figures 3.8, 3.9,

and 3.10 show the confusion matrix for the KVASIR-v2, ISIC-2019, and BreakHis

datasets, respectively. Tables 3.6, 3.7, and 3.8 show the classification performance

metrics of the resulting models using Gen-CNN and the hand-designmodels with

the highest classification metrics in the current literature.

104



Table 3.5: Optimal hyperparameters found using a single run of Gen-CNN for the
three medical image datasets.

Optimal
hyperparameters KVASIR-v2 ISIC-2019 BreakHis

Architecture EfficientNet-V2-Small ConvNext-Tiny ConvNext-Tiny
Loss function Label smoothing Cross-entropy Label smoothing
Optimizer Adam Adam Adam

H 0.0399 0.0381 0.0541
WD 0.1835 0.0541 0.1771

Optimal generation 25 8 13
Validation MCC ? 0.9157 0.7668 0.8117

? The validation MCC is of the low-fidelity prototype model used for the
evaluation phase in the HPO.

Figure 3.8: Confusion matrix in the test partition of the KVASIR-v2 dataset of the
resulting model using a single run of Gen-CNN.

3.5 Discussion and conclusions

Nowadays, several CNN architectures capable of classifying images with out-

standing performance exist. However, some architectures adapt better to some
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Figure 3.9: Confusion matrix in the test partition of the ISIC-2019 dataset of the
resulting model using a single run of Gen-CNN.

Figure 3.10: Confusion matrix in the test partition of the BreakHis dataset of the
resulting model using a single run of Gen-CNN.

datasets, and the complex non-linear interactions between all their hyperparam-

eters, the dataset, and architecture define themodel’s final performance [24]. This

situation raises the challenge of finding the best-performing architecture and hy-
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Table 3.6: Comparison of the test classification performance metrics on the
KVASIR-v2 dataset of the proposed approach and the current best-evaluatedmod-
els in the literature for this dataset.

Reference Approach Model CAT- F1 MCC
(Year) GFLOPs ACC

Escobar Transfer learning using
et al. [146] VGG-16 and fine-tuning at ≈ 15 0.9300 0.9308 0.9201
(2021) different depths

Mohapatra Image-preprocessing with a
et al. [147] 2D discrete wavelet transform No data 0.9398 0.9391 0.9310
(2021) and a custom CNN-based

two-level classification
Gunasekaran GIT-Net: Weighted average
et al. [148] ensemble of DenseNet201 ≈ 12.63 0.9400 0.9409 0.9315
(2023) + InceptionV3 + ResNet50

Image-preprocessing with MF,
Obayya CapsNet + Class-Attention

et al. [149] Layer + Deep Belief Network No data 0.9300 0.9308 0.9201
(2023) Extreme Learning Machine +

HPO with Modified SSA
Proposed Gen-CNN
approach Resulting model: ≈ 8.8 0.9413 0.9417 0.9330
(2024) EfficientNet-V2-Small

2D: Two-Dimensional, MF: Median-Filtering, HPO: Hyperparameter Optimization,
Salp Swarm Algorithm.

perparameters to tackle a specific task. Additionally, other characteristics of mod-

els, besides the classification performance, are prominent for creating practical

systems, such as the computational complexity [132]. Frequently, the computa-

tional resources available and latency requirements are constraints in real-world

scenarios [44,132].

Robust and efficient optimization techniques can offer a solution for creating

DL systems for real-world applications since they can attend to two of the current

necessities of the field, which are automating the creation of ML models [112]

and developing high-performance models with a computational complexity that

satisfies the computational capabilities of smart-electronics and mobile devices

[44].
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Table 3.7: Comparison of the test classification performance metrics on the ISIC-
2019 dataset of the proposed approach and the current best-evaluated models in
the literature for this dataset.

Reference Approach Model CAT- F1 MCC
(Year) GFLOPs ACC

Kassem GoogleNet +
et al. [150] multi-class SVM ≈ 2 0.7681 0.7409 0.6997
(2020)
Pacheco PNASNet + SENet +

et al. [151] VGG-19 + Average ≈ 25.5 0.8962 0.8989 0.8481
(2020) outputs
Iqbal

et al. [152] CSLNet: Custom CNN No data 0.8926 0.8749 0.8545
(2021)
Olayah AlexNet + GoogleNet +

et al. [153] VGG16 + ANN ≈ 17.72 0.9606 0.8885 0.9427
(2023)

Proposed Gen-CNN
approach Resulting model: ≈ 4.5 0.9015 0.8484 0.8542
(2024) ConvNext-Tiny

ANN: Artificial Neural Network, SVM: Support Vector Machine.

This chapter covers the development and validation of Gen-CNN, a new frame-

work that uses a to find and generate optimal and low-complexity CNN models.

The results presented in Section 3.4.3 prove that the models generated using the

novel Gen-CNN framework surpass, in terms of classification performance, mod-

els generated by using other heuristic HPO algorithms. Distinctively, the results

displayed in Tables 3.6, 3.7, and 3.8 show that Gen-CNN automatically gener-

ates CNN models that are competitive with the published state-of-the-art hand-

design custom models for real-world application datasets (specifically for med-

ical image classification). Furthermore, and more importantly, the models gen-

erated with Gen-CNN demand significantly fewer computational resources than

the compared hand-design custom models since, during the carried experiments,

the search space of the developed algorithm considers only CNN architectures

with a low FLOPs complexity (see Table 3.1). Another advantage of using GAs is

that their operation is intuitive for any user, which can help to build trust in the
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Table 3.8: Comparison of the test classification performance metrics on the
BreakHis dataset of the proposed approach and the current best-evaluated mod-
els in the literature for this dataset.
Reference Approach Model CAT- F1 MCC
(Year) GFLOPs ACC

Umer 6B-Net: Custom CNN +
et al. [154] ResNet50 + feature selection No data 0.9016 0.8889 0.8696
(2022) with PSO and ACS + ensemble

subspace KNN classifier
Tummala Swin-Transformer Tiny
et al. [155] + small + Base + Large ≈ 28.6 0.9353 0.9284 0.9151
(2022) + Average output
Clement ResNet50 + ResNet18 +
et al. [156] DenseNet201 + EfficientNetb0 ≈ 10.39 0.9777 0.9795 0.9709
(2023) + One-versus-one SVM

Proposed Gen-CNN
approach Resulting model: ≈ 4.5 0.9583 0.9557 0.9452
(2024) ConvNext-Tiny

PSO: Particle Swarm Optimizer, ACS: Ant Colony System, KNN: K-Nearest
Neighbors, SVM: Support Vector Machine.

system.

Tables 3.6, 3.7, and 3.8 show the models with the highest reported classifica-

tion metrics that use the exact same data sets as the presented experiments. Thus,

these tables do not include studies that used subsets of the KVASIR, ISIC-2019,

and BreakHis datasets or metadata to aid in the classification task. Additionally,

all the displayed metrics were calculated as described in Section 2.5. So, the stud-

ies were considered for comparison only if the authors provided the information

to calculate these metrics. Chiefly, the confusion matrix gives enough information

to estimate any relevant classification performance metric [97].

For the KVASIR dataset, the model obtained with Gen-CNN achieves the high-

est classification metrics amongst the papers evaluated in Table 3.6 whilst using

the lowest computational load in terms of FLOPs. As for the ISICS-2019 and

BreakHis datasets, the generated models with Gen-CNN are the second highest in

classification accuracy compared to the other recent research papers featured in

Tables 3.7 and 3.8 and use less than half of FLOPs than the models with the high-
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est classification metrics. Thus, Gen-CNN generates models with a classification

performance comparable to the state-of-the-art with a much lower computational

complexity, which is a prominent feature for many AI applications.

All the models displayed in Tables 3.6, 3.7, and 3.8, besides the ones generated

using Gen-CNN, were custom-made to solve the dataset in question, required ex-

pert knowledge and time to be generated, and are the result of trial-and-error

design processes. Additionally, the majority uses ensemble models, which com-

bine different neural networks’ architectures and other ML models. Using en-

semble models augments the computational complexity of the resulting system.

Also, many authors design their own CNN to tackle the classification of a given

dataset. This method can be effective but time-consuming. In contrast, the mod-

els generated with Gen-CNN were automatically created using a single run of the

proposed framework, proving that Gen-CNN enables the application of efficient

and effective CNN models to non-ML-experts and hastens the development of

such models.

Locating studies to compare experimental results was more problematic than

anticipated. The application of DL to pretty much any task is a current hot re-

search topic. The literature on DL models for the classification of images has

proliferated in the past few years. Nonetheless, several studies suffer from rele-

vant flaws in their results delivery. For instance, many studies use only one clas-

sification metric to evaluate the performance of their models, namely accuracy.

However, after exhaustively reviewing the results, many of these studies present

the micro-accuracy in multi-classification tasks. As discussed before, accuracy is

not a wise option for imbalanced datasets. Furthermore, micro-accuracy is mis-

chieving in the multi-class classification task since even if a system misclassifies a

sample, micro-accuracy considers one false negative, one false positive, and K −2

true negatives, a situation that evidently makes the micro-accuracy grow, which

can lead to misinterpretations of the model’s performance. Providing other more

robust classification metrics, such as MCC and F1, along with the confusion ma-

trix is fundamental to exchanging information to assess models’ performance.

A primary constraint when using HPO is meta-overfitting (also referred to as

overtuning, oversearching, or simply overfitting) [108, 128]. That is when, after

several evaluations of different hyperparameter configurations, the selection of
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the best configurations can be biased by the stochasticity of the many inner pro-

cesses of the ML models or by overfitting to a dataset partition [108]. However,

this effect is still to be further studied and lacks countermeasures in the literature

(like regularization techniques for training ML models) [108]. The experimental

results of this chapter suggest that the use of the validation partition MCC as the

optimization target in the HPO helps mitigate this effect. The training optimiza-

tion (that uses the training partition, a gradient-based optimizer, and its goal is

to minimize the loss function) and the HPO (that uses the validation partition,

the GA, and its goal is to maximize the MCC) affect each other’s results. Nev-

ertheless, they do not have any control nor communication with one another, so

they operate in a push-and-pull fashion. The experimental results presented in

this chapter support the hypothesis that this method promotes the overall system

generalization.

As described in Section 3.3.1, the selection of the hyperparameters to optimize

is crucial for the performance of the overall HPO algorithm and resulting mod-

els. Some interesting hyperparameters to keep under consideration for future

work are the augmentation techniques and layers to fine-tune. Previous work,

like Autoaugment [157], has demonstrated that optimizing the data augmenta-

tion techniques per dataset and model can significantly improve the final model’s

performance. As for the fine-tuning layers, several studies have addressed the

question of whether it is better to fine-tune the whole network or just a part of it

when using transfer learning, and the evidence seems to indicate that it depends

on the source and target datasets and that layer-wise fine-tuning delivers better

results, depending on the architecture [158–161].

To the best of the author’s knowledge, Gen-CNN is the only framework that

considers the architecture and loss functions as hyperparameters during the HPO

procedure. As the experimental results show, assigning the selection of the archi-

tecture to the GA automizes a procedure that is hard even for ML-expert users. In

the presented experiments, the Gen-CNN search space was constrained to CNN

architectures with relatively low FLOP complexity to show that an optimal hy-

perparameter configuration allows even small (in terms of FLOPs) off-the-shelf

CNNs to be competitive against state-of-the-art, custom hand-made, and ensem-

ble models with much higher computational demand. This is meaningful for the
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rapidly growing community of AI users that require AI solutions capable of per-

forming in real-world scenarios.

Whether a CNN model can perform in real time depends on the embedded

system characteristics. However, models with up to 600 MFLOPs are said to be

able to perform on mobile devices [16], which is a good indicator of the models’

efficiency. The experimental results demonstrated that Gen-CNN can generate

CNN models within that FLOP regime and extraordinary classification perfor-

mance, which is a step towards the automatic generation of models for medical

image classification for real-time inference. Gen-CNN users can modify the hy-

perparameters search space following their needs and preferences. For instance,

when the computational load is not a limitation during model deployment, Gen-

CNN search space can include architectures with a higher level of complexity, or

if the final model’s application is on a mobile device, then the search space can be

defined only by architectures capable of running on mobile devices.

Considering that the evaluation of the candidate solutions is the most expen-

sive phase of population-based algorithms, such as GAs, Gen-CNN uses transfer

learning and a low-compute regime to accelerate its operation. This technique

creates low-fidelity prototypes of the models to assess their suitability for the

task and has been effective in the related field of NAS. The the convergence of

the developed framework was analyzed in the recommended regime for heuristic

optimization techniques, achieving higher mean categorical accuracy than other

HPO algorithms reported in the current literature. The optimization target of

Gen-CNN is the maximization of the MCC on the validation data since the MCC

is a robust and interpretable metric that reflects the performance of classification

algorithms on the whole confusion matrix. Gen-CNN achieved better classifica-

tion performance than other HPO algorithms that directly maximize the accuracy,

which suggests that the maximization of MCC is effective in improving the over-

all classification performance of models. However, Gen-CNN could have other

optimization targets, following the needs and preferences of its users. In addi-

tion, multi-objective optimization has potential for future research. Another in-

teresting future research would be introducing model fusion techniques into the

AutoML algorithm.

Gen-CNN is a free library available at https://github.com/RogeGar/Gen-CNN.
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Chapter 4

Artificial astrocytes to complement

artificial neural networks

Abstract

Artificial neural networks find their inspiration in the operation of the human

brain. Deep learning, a machine learning paradigm that uses several layers of

arranged artificial neural networks, has prospered thanks to modern technologi-

cal advances in hardware and the increasing availability of data. However, stan-

dard deep learning systems are still based on connectionist models of neurons

from several decades ago. Neuroscience has a different perspective and a deeper

understanding of the human brain’s information processing compared to when

these connectionist neuron models originated. Thus, research that attempts to

bring closer the current deep learning systems and biological neural networks is

gaining momentum as a means to improve this technology.

Glial cells occupy more than half of the volume of the human brain, especially

astrocytes, which are crucial for different adaptive processes related to neuro-

plasticity, key in learning and memory formation. Consequently, artificial as-

trocytes are an emerging research topic. Nevertheless, research attempting to

introduce astrocyte-like behavior into current convolutional neural networks is

quasi-inexistent. Consequently, this chapter covers the research and development

of a new artificial astrocyte unit created to address this gap in the current liter-
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ature. The unit is inspired by previous research on neuron-glia networks and

acts as a learning mechanism that imitates the multi-time-scale neuroplasticity

of the brain. The proposed artificial astrocyte is compatible with the existing

convolutional neural network architectures, introduces no additional parameters

into the models, and is only active during training. Experimental results show

that, depending on the hyperparameter configuration, astrocytes can improve

the models’ classification performance. Additionally, there are cases where astro-

cytes set the parameters of some convolutional filters to zero without affecting the

classification performance and producing similar representations to the same ar-

chitecture trained under the same conditions without astrocytes, suggesting that

artificial astrocytes could work as a pruning method, trimming the unnecessary

information.

4.1 Introduction

Computer science has historically drawn inspiration from biology [1, 9, 24, 73,

162]. Specifically, neuroscience and neuro-inspired computing have co-evolved

over time [162]. The last couple decades was fructiferous for both disciplines.

The field of neuro-inspired computing progressed rapidly with the consolida-

tion of DL [1, 7]. Meanwhile, neuroscience broke old paradigms and discov-

ered new mechanisms involved in learning and the brain’s information process-

ing [163–165]. The present circumstances of both disciplines offer a perfect stage

for collaboration to achieve significant advancements at an unprecedented scale

[162].

Despite the success of current DL models, their operation foundation is quite

simple and differs qualitatively from the brain’s core information-processingmech-

anisms [162]. Introducing these types of mechanisms to the existing DL paradigm

represents, at the very least, an intriguing research opportunity. In this sense, as-

trocytes have been noteworthy recently since they play a vital role in brain func-

tion [53, 165], especially in the experience-dependent structural synaptic adap-

tations that rule learning and memory [52, 64, 164, 165]. Several studies have

pointed out the potential of complementing the existing ANNs paradigm with

astrocyte-like mechanisms [51–53, 166, 167]. Thus, research on artificial astro-
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cytes is a relatively new and promising field in DL.

The current DL paradigm uses ANNs that belong to the connectionist systems

archetype. Despite the existence of numerous biophysical astrocyte models, the

modeling of these cells from a connectionist perspective is at the emergence phase

[64,166]. The term neuron-glia network (NGN)was coined in 2011 by Porto-Pazos

et al. [60] to refer to connectionist systems using ANNs and artificial astrocytes.

Since then, different approaches for implementing astrocyte-like behavior into

ANNs have emerged with distinct goals and success grades. There is evidence

showing that astrocytes can improve the classification efficacy of MLP [60, 61,

168–170].

Most of the research done in the field of artificial astrocytes on connectionist

ANNs utilizes MLPs with a few layers. Therefore, the potential of granting CNNs

with astrocyte-like mechanisms remains extensively unexplored since just a few

studies have attended to the application of artificial astrocytes into CNNs [171–

173]. The scarce current studies on this topic take astrocytes as inspiration to

develop agents that provide the CNNs with a specific attribute, such as a short-

term memory unit [172], a neurons’ connections optimizer for structure learning

[173], or an emulator of the self-attention transformer’s mechanisms [53,174].

This chapter tackles the gap in the current literature on the artificial astrocyte

properties in standard CNNs to improve their performance by covering the de-

velopment of an artificial astrocyte based on previous work on NGNs [60] that

resembles its biological counterpart’s properties and interactions with neurons.

The developed artificial astrocyte modulates the convolutional filters’ parameters

by their activation rates, modifying the parameters at a different rate than the

mainstream training procedure (gradient descent optimization), resembling the

multi-time-scale dynamical process of the brain’s neuroplasticity.

4.2 Artificial Neuron-Glia Networks

The work by Ikuta et.al. [63] is the first antecedent of introducing glial-cell prop-

erties into ANNs. They developed a network of inter-communicated artificial glial

units that communicated with the hidden layers of an MLP, delivering chaotic
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oscillations into the integration of the neuron inputs, improving the learning ef-

ficiency and classification performance [63].

Ikuta et.al. continued their research. In another study, the impulses generated

by the glial network depended on the neurons’ outputs [175]. If a neuron reaches

a given excitation level, the associated glial unit responds with an impulse that

propagates through the glial network [175]. This approach has better results than

their prior work. They further investigated this impulse glia network and found

the correlation of some hyperparameters of this network with the learning perfor-

mance of the MLP [168]. Additionally, they proved that the impulse glia network

conducts the MLP to a better generalization capability [168].

The same research team continued to improve their model. In further re-

search, they connected the hidden layer neurons of an MLP one-to-one to the

glial units of the glial network [169, 170]. In this work, the glial units’ out-

put takes positive or negative values depending on the associated neuron’s out-

put [169,170]. The denominatedMLPwith positive and negative pulse glial chain

had better classification and learning performance than the previously discussed

approaches [169, 170]. Also, this team proposed introducing a signal that con-

trols the learning of different groups of neurons during training [176], achieving

a slight enhancement in the learning efficiency.

The next step for Ikuta et al. was introducing the glial network into a four-

layer MLP [177]. In this case, the glial units connected neurons of different lay-

ers [177]. The goal was to reproduce the ability of glial cells to communicate

spacially with neurons in distant regions of the brain [177]. Experiments using

this approach demonstrated that this type of communication could enhance the

network’s learning capability and classification performance [177]. Nevertheless,

the network performance depends on non-learnable parameters of the glial net-

work [177].

Following the trend of using algorithms inspired by the role of astrocytes in

the learning process, a different research team proposed a network called Self

Organizing Neuro-Glial Network, SONG-NET [178, 179]. This network uses an

MLP and self-organizing Kohonen maps to replicate the effect of astrocytes in the

modulation of synaptic efficacy during learning [178, 179]. Experiments proved

that SONG-NET is up to 12 times faster at learning than an MLP using the back-
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propagation algorithm [178,179].

On a different but related research direction, Porto-Pazos et al. [60] recognized

the opportunity of introducing units that resemble the role of glial cells in ANN

and proposed a new paradigm: artificial neuron-glia networks: NGN. They de-

veloped a computational unit inspired by the astrocytes’ function and paired each

artificial neuron with an artificial astrocyte, which regulates the synaptic weights

of the associated neuron according to the neural activity. The synaptic changes

induced by the astrocyte last for an arbitrary number of iterations and do not

consider the spatial spread of the astrocyte signal to other neurons or communica-

tion between astrocytes. This team tested their proposed NGNs on classification

problems against ANN. They used MLPs with a different number of layers and

neurons for the ANN, and for the NGNs, they used the same architectures with

the addition of the artificial astrocytes. For the training of the networks, they used

a GA that changed the synaptic weights according to the mean square error (MSE)

of the network using the training set, and for the NGNs, they manually tuned the

artificial astrocytes’ hyperparameters.

Experimentally, Porto-Pazos et.al. [60] concluded that the NGNs’ classification

performance was better than that of the ANNs and that the improvement was due

to artificial astrocytes. Also, they noticed that the network performance improve-

ment by artificial astrocytes increases as the network complexity increases and

that the relative performance improvement depends on the tested problem.

In consecutively research studies, Alverellos et.al. [61] used the artificial astro-

cyte units presented in [60] and studied the classification performance of NGNs

with different neuron-glia algorithms. They tried six different neuron-glia algo-

rithms that attempted to imitate the observed behavior of astrocytes in the ner-

vous system of living organisms. In this work, the authors also trained their net-

works using a GA. They found that the NGNs have a better classification perfor-

mance than the ANN regardless of the employed neuron-glia algorithm. How-

ever, they concluded that the neuron-glia algorithm that evokes the best classifi-

cation performance depends on the classification problem. In subsequent work,

Pastur-Romay et.al. [62] changed the artificial astrocytes’ ability in this kind of

network from modulating the synaptic weights to directly modulating the neu-

ronal outputs. With this approach, Pastur-Romay et.al. [62] achieved significantly
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better classification performance than an MLP without artificial astrocytes.

Gergel and Farkaŝ [166] inspired by the previous works to develop an NGN

based on an MLP with astrocytes in the hidden layers like the ones proposed by

Ikuta et.al. [175] but to modulate the synaptic efficacy like Porto-Pazos et.al. [60].

They introduced different astrocytic mechanisms with learning parameters com-

patible with the backpropagation algorithm and a few hyperparameters [166].

They concluded that the efficacy of the NGN depended on the classification prob-

lem and that the correct tuning of the astrocytes hyperparameters should be fur-

ther investigated [166].

Gergel and Farkaŝ continued their research [64] by implementing an Echo

State Network with artificial astrocytes for classification tasks [64]. They found

out that this type of network with fixed weights for astrocytes presented lit-

tle to nothing enhancement compared to the same network without astrocytes

[64]. However, by introducing Hebbian learning for the astrocytes’ weights, they

achieved a significantly better classification performance [64].

4.3 Methodology

4.3.1 Artificial astrocyte

The development of an artificial astrocyte compatible with the current CNNs ar-

chitectures and learning algorithms is the first step to assessing the effects of pro-

viding CNNs with mechanisms similar to those of the biological astrocytes. The

antecedents of NGNs [60–62] that use MLPs are the foundation to do so since they

already devised connectionist models of these cells that are effective in improving

the networks learning efficiency and classification performance.

Extending previous work on NGN, an artificial astrocyte compatible is de-

veloped and implemented on off-the-shelf CNNs. The operation principle of

the artificial astrocyte is the recording of the neurons’ activations to make non-

supervised adaptations to their parameters by their firing rates in a given period.

Thus arises the necessity for a time metric during the training of the networks.

Given that the backpropagation algorithm is the central element of the training

procedure, the artificial astrocytes consider one iteration (defined time metric) as
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one forward passing of a training batch.

To understand how the artificial astrocytes record and modulate the parame-

ters inside of a CNN, it is helpful to think of a neuron as a set of weights (ignoring

the bias term). Each neuron has i inputs (hence i synaptic weights) and a single

output. The astrocyte modulates all the synaptic weights of its associated neurons

by their outputs during the defined iteration number. In ANNs, all the neurons

in a layer have the same number of inputs i, and each neuron produces a single

output. Consequently, a layer with an arbitrary number z of neurons has a set

of i × z synaptic weights. An artificial astrocyte covers all the neurons in a given

layer. Then, the astrocyte unit has z counters, one for each neuron, and modu-

lates uniformly all the i synaptic weights of a neuron. For convolutional layers in

CNNs, the astrocytes operate identically; But, with a set of convolutional weights

(the kernel parameters) per each input channel, modulating all the parameters in

the kernel. The developed artificial astrocyte works for linear and convolutional

layers. However, it is implemented only in the convolutional layers in this thesis.

Algorithm 3 shows the forward function of a convolutional layer with the im-

plementation of the developed artificial astrocyte. Note that the astrocytes dis-

able gradient computation before making any changes to the layer parameters.

Thus, the astrocytes are compatible with gradient-descend training algorithms

and work in parallel with them, making changes in the parameters between opti-

mization steps.

The implemented artificial astrocyte has four key hyperparameters: (1) the

neuron-glia power connection (NG), which defines the number of iterations that

the astrocytes keep a record of the neuron activations before they modulate the

synaptic weights and reset the record. (2) The astrocytic sensitivity (AS), which

sets the boundaries (positive and negative) that will trigger a synaptic modula-

tion from the astrocytes. (3 and 4) The increase and decrease factors for astro-

cytic modulation of synaptic weights (Str for highly-active neurons andWeak for

scarcely-active neurons). Note that we use Str to identify the neural connection

as ‘strong’ since it reaches the defined astrocytic sensitivity upper bound, and

Weak to identify the neural connection as ‘weak’ since it reaches the defined as-

trocytic sensitivity lower bound, not to symbolize that the astrocytes strengthen

or weaken the synaptic weight. Whether Str and Weak strengthen or weaken
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Algorithm 3 Forward function of a convolutional layer l with the implemented
artificial astrocyte. l(◦) indicates that the argument ◦ passes through the con-
volutional filters of layer l. T raining is a bool variable that indicates whether
the network is in training mode or not, and no grad indicates disabling gradient
computation. Iteration counts the forwarding of batches and is initialized in 0.
Al ∈ R

z is the astrocyte unit of the layer l, where z is the number of out chan-
nels of layer l, and all its values are initialized in 0. TanH(◦) is the hyperbolic
tangent activation function, MaxPool2d(◦) is the 2D max pooling function, Σ(◦)
is the summation operator. W l is the set of all trainble parameters of l such that
W l = {W l

j }∀j ∈ {1,2, . . . , z}, and W j is the set of trainable parameters of the j-th

convolutional filter. Finally, NG,AS,Str, and Weak, are hyperparameter of the
artificial astrocyte.

Input Data: D
Output Layer output: x
x← l(D)
If T raining

With no grad()
Iteration← Iteration+1
Al ←Al +MaxPool2d(TanH(Σ(x)))
If K ≥NG

a← 0
For All W l ∈W l

If Al[a] >AS
W l ←W l ×Str

End If

If Al[a] < −AS
W l ←W l ×Weak

End If

a← a+1
End For

Iteration← 0
Al ←Al × 0

End If
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the associated synaptic weight is defined by their set values. Also, the astrocytic

sensitivity is symmetric.

4.3.2 Analysis of the CNNs

CAT-ACC, F1, and MCC are the empoyed metrics for the evaluation of the classi-

fication performance of the models. Additionally, projection weighted canonical

correlation analysis (PWCCA) [180] is used to examine how the networks produce

different representations (activations) due to the influence of the artificial astro-

cytes, using different configurations for the four principal hyperparameters of the

astrocytes: NG, AS, Str, and Weak. PWCCA is a technique created to determine

the similarity between sets of neuron activations. PWCCA is invariant to affine

transformations since it is a canonical correlation analysis (CCA)-based method.

Moreover, it assigns importance weights to the vectors of the CCA to contrast be-

tween components with relevant information and the noise associated with deep

neural networks. The weighted average of the individual similarity scores mea-

sures more precisely the similarity between sets of neuron activations. PWCCA

delivers similarity scores in the interval [0,1], where identical sets of neurons’

activations evoke a score of 1, and the lesser the score, the larger the differences

between the sets.

This research aims to define the effects of introducing astrocyte-like mecha-

nisms into the current CNN paradigm. Thus, the developed artificial astrocyte

is implemented in three off-the-shelf CNN architectures: RegNet-Y-400MF [16],

MobileNet-V3-Large [86], and Shufflenet-v2-x1 5 [132]. These architectures are

selected because of their training speed and fewer parameters when compared to

other architectures. Due to the massive amount of experiments to characterize

the behavior of the CNNs under different hyperparameter configurations of the

astrocytes, the experiments are limited to these three architectures by the com-

putational resource constraints. Also, all the experiments are carried out using

transfer learning on pretrained versions of the architectures.

From this point, CNNmodels with artificial astrocytes are referred to as CNGNs

since the implemented artificial astrocytes are based on NGNs.
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4.4 Results

4.4.1 Datasets

The experiments employ the benchmarking datasets CIFAR-10 and CIFAR-100

[181], which contain small images (32×32 pixels) of common objects such as

transportation means and animals. The train data of both datasets are split into

train and validation partitions in a proportion of 90% and 10%, respectively. The

test data is used only for testing. Additionally, two medical image datasets are

used to assess the performance of the CNGNs in the medical image classifica-

tion task: (1) the KAVSIR-v2 [141] and (2) the BreaKHis-v1 [145] datasets. Both

datasets are split into 60%, 20%, and 20% for training, validation, and testing,

respectively. For the BreKHis-v1 dataset, the models are trained to classify its

images into its eight different subclasses (adenosis, fibroadenoma, phyllodes tu-

mor, tubular adenoma, carcinoma, lobular carcinoma, mucinous carcinoma, and

papillary carcinoma), regardless of the images’ magnifying factor.

For all the experiments, every training batch goes through a transformation

phase where the techniques of random crop, random rotation (of up to 90◦), ran-

dom vertical flip (50% probability), random horizontal flip (50% probability),

color jitter transformation, and Cutmix or Mixup serve as augmentation tech-

niques.

4.4.2 Experiments

The implemented artificial astrocyte (Algorithm 3) has four hyperparameters: (1)

the neuron-glia power connection (NG) represents the number of iterations that

the astrocytes record the activation frequency of the associated neurons, that is

how many times a neuron has an output different from zero over an arbitrary

number of data batches. (2) The astrocytic sensitivity (AS) delimits the bound-

aries of activation frequencies at which the synaptic modulation occurs. (3 and

4) The modulation factors (Str and Weak) are the hyperparameters that define

whether the astrocytes increase or decrease (and to what extent) the synaptic

weights per their firing frequency. Thus, they characterize the effect that the ac-

tivation frequency has on the learning process, whereas the astrocytic sensitivity
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and the neuron-glia power connection control the rate of change in the parame-

ters’ weights. Therefore, both of the modulation factors have to be analyzed first

to dissect the effect that the artificial astrocyte can have on the learning process.

Accordingly, the hyperparameters values for Str andWeak are tested in a grid-

like fashion, using the CIFAR-10 and CIFAR-100 datasets in the interval [0.5, 1.5]

with steps of 0.25. All the other hyperparameters have fixed values, as Table

4.1 shows, including the neuron-glia power connection (NG) and the astrocytic

sensitivity (AS). This experiment is referred to as Exp 1.

Table 4.1: Hyperparameters for the experiments of artificial astrocytes.
Hyperparameter Value

Epochs 5 in Exp 1, 10 in Exp 2 & 3
Batch size 256
Images size 224×224
Optimizer Adam

Learning rate 0.0001
Learning rate None in Exp1,
scheduler cosine annealing in Exp 2 & 3

Loss function Label smoothing
Weight decay 0.01

Neuron-glia power connection 4
Astrocytic sensitivity ±2

The above-described procedure is performed three times under the same con-

ditions. Figures 4.1 and 4.2 show themean validation CAT-ACC of the three tested

architectures under the different hyperparameter configurations for the CIFAR-

10 and CIFAR-100 datasets, respectively. In the grid, the configuration Str=1,

Weak=1 serves as a reference of the astrocyte’s effect since the astrocytes do not

modulate the synaptic weights (both modulation factors are one), so the CNGNs

behave like regular CNNs without astrocytes. This configuration is referred to as

the control case. Also, during this chapter, the term accuracy refers specifically to

the CAT-ACC.

For easy assessment of the experiment results, each configuration mean accu-

racy is presented by architecture and training epoch in heat maps in Figures 4.1

and 4.2, where the values with higher accuracy (than the average per heat map)
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appear in red and the configurations with lower accuracy in blue.

Figure 4.1: Classification performance of the three tested architectures after train-
ing under the conditions described in Table 4.1 (Exp 1) using CIFAR-10. Mean
validation CAT-ACC for three repetitions per hyperparameter configuration in
the grid. [Best viewed in color]

The control case does not have the highest mean validation accuracy for any

tested architecture in any training epoch, as Figures 4.1 and 4.2 show. Hence,
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Figure 4.2: Classification performance of the three tested architectures after train-
ing under the conditions described in Table 4.1 (Exp 1) using CIFAR-100. Mean
validation CAT-ACC for three repetitions per hyperparameter configuration in
the grid. [Best viewed in color]

considering a regular CNN with no astrocytic modulation, there are hyperparam-

eter configurations of the astrocytes that lead to better validation accuracy for the

three tested architectures along the five training epochs in both benchmarking
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datasets. However, the gain in accuracy is marginal by the fifth epoch, regardless

of the hyperparameter configuration. These results suggest that (1) the models

converge to similar parameters even with the non-supervised aggressive modula-

tion of the astrocytes using their neuron activations firing rates. Additionally, (2)

the optimal hyperparameter configuration seems to depend on the architecture,

dataset, and training epoch since the data exhibited in Figures 4.1 and 4.2 re-

veals no apparent patterns in the classification accuracy regarding the astrocytes’

hyperparameter configuration. These two observations are further explored ex-

perimentally (Exp 2 and Exp 3).

A new experiment (Exp 2) is designed in light of the previous results. This ex-

periment consists of optimizing the astrocyte modulation factors along ten train-

ing epochs using grid-search in the following mode: At the start, the control co-

ordinate is the center of the grid (1,1). From there, the algorithm trains the ar-

chitectures using nine different configurations, varying the two modulation fac-

tors by ±0.25 one at a time. Then, the set of learnable parameters of the model

with the highest validation accuracy becomes the starting point for the next train-

ing epoch, and its modulation factors are the new center of the grid for the next

training epoch. This experiment is carried out with the CIFAR-10 and CIFAR-

100 datasets and the two medical image datasets, KVASIR-v2 and BreaKHis-v1.

These last two are included to assess the astrocytes’ potential to boost the models’

performance in the medical image classification task.

Training a given model under the same conditions can lead to small variations

in classification performance due to the random processes involved in training

(such as dropout and augmentation techniques). To discard any improvement in

themodels’ performance by this effect when assessing the astrocytes’ contribution

to training, a control model (with no astrocytes) is trained using the same number

of iterations. Hence, the same architectures (with no astrocytes) are trained nine

times per training epoch, and the set of learnable parameters with the highest

validation accuracy passes for the next epoch.

Table 4.2 shows the classification metrics of the CNGNs and control CNNs

during the grid-search optimization experiment. The ∆ column shows the per-

centage change in the test accuracy of the CNGNs with respect to the same archi-

tectures without astrocytes, using the optimal astrocytes’ hyperparameter config-
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urations found using the described grid-search. For the CIFAR-10 and CIFAR-100

datasets, the change in accuracy is trivial (less than 0.5% in most cases). How-

ever, in both medical image datasets, the astrocytes had a greater effect on the

models’ accuracy. The case of the MobileNet-V3-Large architecture is particu-

larly noteworthy since it is the one whose accuracy changed the most among the

experiments, with a significant improvement due to the astrocytes. Tables 4.3-4.6

shows the found optimal configurations of the astrocyte modulation factors for

each dataset and architecture.

A third experiment (Exp 3) is carried out. It encompasses training the CNGNs

using the optimal astrocyte’s hyperparameters for three repetitions (configura-

tions shown in Tables 4.3-4.6) and analyzing the mean test classification perfor-

mance and the activations evoked in the last convolutional layer of the tested

architectures. Once again, an analogous CNN model for each CNGN (same ar-

chitecture and training conditions) is trained to serve as a reference. Table 4.7

shows the mean test accuracy of the CNNs and CNGNs. Anew, the change in test

accuracy on the CIFAR-10 and CIFAR-100 is minimal, and the larger changes in

test accuracy occur on the medical image datasets. By analyzing the results per

architecture, it can be inferred that the astrocytes influence the MobileNet-V3-

Large architecture the most. Yet, in the particular case of RegNet-Y-400MF in the

BreaKHis-v1 dataset, the astrocytes significantly improved the architecture mean

test accuracy (by 1.31%). Figure 4.3 shows the evolution during training with the

optimal modulation factors of the mean test accuracy of the CNGNs in the four

tested datasets.

Besides the CAT-ACC, the F1 and MCC of the models are analyzed. These

two metrics are better than the accuracy for detecting unbalanced behavior in the

models’ performance (if themodels are better at classifying some classes than oth-

ers). This is not a usual issue in balanced benchmarking datasets such as CIFAR-

10 and CIFAR-100 but is a common challenge in real-world applications datasets,

which are intrinsically unbalanced, such as BreaKHis-v1. Moreover, these metrics

serve to evaluate if the astrocytes promote learning features that are convenient

for only specific classes since they perform non-supervised modulations in the

models’ parameters depending on their neurons’ firing rates. Table 4.8 shows the

mean F1 and MCC of the CNNs and CNGNs of Exp 3.
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Table 4.2: Classification CAT-ACC of the CNNs and CNGNs with the highest val-
idation CAT-ACC during the grid-search optimization. Table 4.1 (Exp 2) shows
the training conditions. ∆ is the percentage change in test accuracy of the CNGNs
with respect to the CNNs in the same dataset and training conditions. The high-
est test accuracy between the CNN and CNGN is in bold case.

CIFAR-10
CNN CNGN ∆

Architecture Valid Test Valid Test Test
Shufflenet-v2-x1 5 0.9186 0.9115 0.9184 0.9138 +0.25%
MobileNet-V3-Large 0.9226 0.9220 0.9198 0.9179 -0.44%
RegNet-Y-400MF 0.9310 0.9267 0.9302 0.9226 -0.44%

CIFAR-100
CNN CNGN ∆

Architecture Valid Test Valid Test Test
Shufflenet-v2-x1 5 0.693 0.6867 0.6998 0.6883 +0.23%
MobileNet-V3-Large 0.7296 0.7312 0.7288 0.7317 +0.07%
RegNet-Y-400MF 0.741 0.7278 0.7288 0.7217 -0.84%

KVASIR-v2
CNN CNGN ∆

Architecture Valid Test Valid Test Test
Shufflenet-v2-x1 5 0.7694 0.8913 0.7500 0.8963 +0.56%
MobileNet-V3-Large 0.7750 0.8844 0.7938 0.9119 +3.11%
RegNet-Y-400MF 0.7713 0.9038 0.7525 0.9069 +0.34%

BreaKHis-v1
CNN CNGN ∆

Architecture Valid Test Valid Test Test
Shufflenet-v2-x1 5 0.6195 0.6694 0.6188 0.6643 -0.75%
MobileNet-V3-Large 0.6340 0.7124 0.6340 0.7257 +1.86%
RegNet-Y-400MF 0.6106 0.7174 0.6201 0.7105 -0.96%

Analyzing the F1 and MCC displayed in Table 4.8, both the CNGN and CNN

models, these twometrics do not present a significant change concerning the CAT-

ACC in Table 4.7 for the balanced datasets CIFAR-10, CIFAR-100, and KVASIR-v2,

but they do for the unbalanced dataset BreaKHis-v1. However, since the CNNs

and CNGNs models present similar F1 and MCC and similar differences regard-

ing their respective CAT-ACCs, the unbalanced classification behavior is caused

by the grid-search optimization and not the astrocytes effect. The optimization
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Table 4.3: Optimal Str & Weak per epoch found using grid-search (Exp 2) on the
CIFAR-10 dataset.

CIFAR-10
Arquitec-

ture
Shufflenet-v2-x1 5 MobileNetV3Large RegNet-Y-400MF

Epoch Str Weak Str Weak Str Weak
1 1 0.75 1.25 0.75 0.75 0.75
2 1.25 0.75 1 0.75 1 1
3 1.5 0.5 0.75 0.75 1 1
4 1.5 0.5 0.5 0.75 0.75 0.75
5 1.25 0.75 0.5 1 0.75 0.75
6 1.25 0.5 0.25 1 0.5 0.75
7 1.25 0.5 0 1 0.75 0.5
8 1 0.5 0 1 0.5 0.75
9 0.75 0.75 0 0.75 0.25 0.5
10 0.75 1 0.25 1 0.25 0.5

Table 4.4: Optimal Str & Weak per epoch found using grid-search (Exp 2) on the
CIFAR-100 dataset.

CIFAR-100
Arquitec-

ture
Shufflenet-v2-x1 5 MobileNetV3Large RegNet-Y-400MF

Epoch Str Weak Str Weak Str Weak
1 1.25 1.25 1.25 1.25 0.75 0.75
2 1.25 1 1.25 1 0.75 0.75
3 1 1.25 1 1.25 1 0.75
4 1 1.5 0.75 1.25 0.75 1
5 1.25 1.25 0.75 1.5 0.5 1
6 1.5 1.25 0.5 1.75 0.25 0.75
7 1.5 1 0.75 1.75 0 1
8 1.75 0.75 0.5 1.75 0.25 1.25
9 1.5 0.5 0.75 1.75 0.5 1
10 1.5 0.5 0.5 1.5 0.25 1

procedure maximized the CAT-ACC. Given that the BreaKHis-v1 dataset is highly

unbalanced, the found optimal hyperparameter configuration surely promotes

the correct classification of the dominant classes and neglects the classes with

fewer samples. Furthermore, the F1 and MCC of the MobileNet-V3-Large archi-
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Table 4.5: Optimal Str & Weak per epoch found using grid-search (Exp 2) on the
KVASIR-v2 dataset.

KVASIR-v2
Arquitec-

ture
Shufflenet-v2-x1 5 MobileNetV3Large RegNet-Y-400MF

Epoch Str Weak Str Weak Str Weak
1 1.25 1 1.25 1.25 0.75 0.75
2 1 1 1.5 1.5 0.5 1
3 0.75 1 1.25 1.25 0.75 1
4 0.5 1.25 1 1 0.5 1.25
5 0.75 1.5 1 1.25 0.5 1.25
6 0.75 1.25 0.75 1.5 0.5 1.25
7 1 1.25 1 1.25 0.25 1
8 0.75 1 0.75 1.5 0.5 1
9 0.75 0.75 1 1.75 0.75 1
10 1 0.5 1.25 1.5 0.5 1.25

Table 4.6: Optimal Str & Weak per epoch found using grid-search (Exp 2) on the
BreaKHis-v1 dataset.

BreaKHis-v1
Arquitec-

ture
Shufflenet-v2-x1 5 MobileNetV3Large RegNet-Y-400MF

Epoch Str Weak Str Weak Str Weak
1 0.75 1.25 0.75 0.75 0.75 1
2 0.5 1.25 1 1 1 1.25
3 0.5 1.5 1 1 1 1.5
4 0.75 1.75 0.75 0.75 0.75 1.75
5 0.75 1.75 0.75 0.75 1 1.75
6 0.5 2 0.5 0.75 1.25 1.5
7 0.25 2.25 0.25 0.5 1 1.25
8 0 2.25 0.5 0.25 1.25 1
9 -0.25 2.5 0.25 0.25 1 1.25
10 -0.25 2.75 0.5 0.25 1 1.5

tecture confirm that the astrocytes significantly improve the classification perfor-

mance of this architecture on the KVASIR-v2 dataset.

Finally, PWCCA is employed to estimate the similarity score of the produced

features of the corresponding CNGNs and CNNs, specifically at the last convo-
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Table 4.7: Mean test classification CAT-ACC of three training repetitions using
the optimal hyperparameter configurations found with the grid search. Table 4.1
(Exp 3) shows the training conditions. ∆ is the mean percentage change in test
accuracy of the CNGNs with respect to the CNNs in the same dataset and training
conditions. The highest mean test accuracy between the CNN and CNGN is in
bold case.

CIFAR-10
Shufflenet-v2-x1 5 MobileNet-V3-Large RegNet-Y-400MF

CNN CNGN ∆ CNN CNGN ∆ CNN CNGN ∆

0.9103 0.9138 +0.38% 0.9202 0.9189 -0.14% 0.9247 0.9230 -0.18%

CIFAR-100
Shufflenet-v2-x1 5 MobileNet-V3-Large RegNet-Y-400MF

CNN CNGN ∆ CNN CNGN ∆ CNN CNGN ∆

0.6869 0.6863 -0.09% 0.7255 0.7290 +0.48% 0.7255 0.7256 +0.02%

KVASIR-v2
Shufflenet-v2-x1 5 MobileNet-V3-Large RegNet-Y-400MF

CNN CNGN ∆ CNN CNGN ∆ CNN CNGN ∆

0.8969 0.8921 -0.53% 0.8908 0.9119 +2.36% 0.9035 0.9000 -0.39%

BreaKHis-v1
Shufflenet-v2-x1 5 MobileNet-V3-Large RegNet-Y-400MF

CNN CNGN ∆ CNN CNGN ∆ CNN CNGN ∆

0.6721 0.6692 -0.43% 0.7187 0.7210 +0.34% 0.7086 0.7179 +1.31%

lutional layer of the architectures, using the test data at different training stages.

This allows examining how the learned representations of the CNGNs and CNNs

changed concerning one another during training. Figure 4.4 displays the sim-

ilarity score of the activations at the last convolutional layer of the CNN and

CNGN using the test data evolves along training for the different architectures

and datasets. The similarity score is the estimated PWCCA of the two pairs of

models’ activations sets in the three training repetitions of Exp 3.

The tested CNNs and CNGNs have the same architectures with the same pre-

trained parameters. Thus, if we were to estimate the similarity scores of their

activations before training, we would get a value of 1 (or very close to it) because

they evoke the same activations using the same data. Analyzing the similarity

scores after (and during) training helps us understand how the astrocytes affect

the learned representations for a given architecture.
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Figure 4.3: Mean test accuracy of the CNGNs during training with the optimal
modulation factors in the four tested datasets.

As Figure 4.4 shows, there is a pattern in the similarity following the datasets

for the three architectures. For CIFAR-10 and CIFAR-100, the similarity shows lit-

tle change during training. The similarity is higher in the medical image datasets

than in the CIFAR datasets and decreases as the training progresses. Analyzing

the similarity per architecture, RegNet-Y-400MF is the architecture that presents

the lowest mean similarity, indicating that the astrocytes make this architecture

learn more different representations than with the other two tested architectures.

4.5 Discussion and conclusions

Designing and implementing astrocyte-like mechanisms in CNNs is a novel re-

search direction. The few studies in the current literature on this topic have dif-

ferent approaches, spanning the creation of new generalization techniques [171],

structure learning systems [173], and short-term memory units [172], all inspired

by the astrocytes’ role in the biological nervous system. This chapter covers the
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Table 4.8: Mean test F1 and MCC of three training repetitions using the opti-
mal hyperparameter configurations found with the grid search. Table 4.1 (Exp 3)
shows the training conditions. ∆ is the mean percentage change in test MCC of
the CNGNs with respect to the CNNs in the same dataset and training conditions.
The mean highest test F1 and MCC between the CNN and CNGN is in bold case.

CIFAR-10
CNN CNGN ∆

Architecture F1 MCC F1 MCC MCC
Shufflenet-v2-x1 5 0.9098 0.9 0.9121 0.9026 +0.28%
MobileNet-V3-Large 0.921 0.9114 0.9187 0.91 -0.15%
RegNet-Y-400MF 0.9245 0.9163 0.9229 0.9145 -0.19%

CIFAR-100
CNN CNGN ∆

Architecture F1 Mcc F1 MCC MCC
Shufflenet-v2-x1 5 0.6831 0.6839 0.6825 0.6832 -0.1%
MobileNet-V3-Large 0.7287 0.7286 0.7253 0.7254 -0.44%
RegNet-Y-400MF 0.7230 0.7228 0.7237 0.7230 +0.02%

KVASIR-v2
CNN CNGN ∆

Architecture F1 Mcc F1 MCC MCC
Shufflenet-v2-x1 5 0.8967 0.8824 0.8917 0.8771 -0.60%
MobileNet-V3-Large 0.8859 0.8793 0.9108 0.9005 +2.41%
RegNet-Y-400MF 0.9032 0.8902 0.8994 0.8863 -0.42%

BreaKHis-v1
CNN CNGN ∆

Architecture F1 Mcc F1 MCC MCC
Shufflenet-v2-x1 5 0.5122 0.5507 0.5011 0.5455 -0.96%
MobileNet-V3-Large 0.6178 0.6041 0.6175 0.6208 +0.46%
RegNet-Y-400MF 0.6036 0.6041 0.6072 0.617 +2.14%

development and implementation of an artificial astrocyte that, in contrast to the

existing literature, is based on previous work on NGN that mimics the behavior

of glial cells in ANNs and has been effective in enhancing the classification per-

formance of MLPs [60–62, 166]. The ideas of NGNs were extended to adapt to

the current CNN mainstream models for image analysis. Moreover, we have es-

tablished the impact of the astrocytes on the learning process by analyzing the

CNNs’ learned representations during and after training by making use of the
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Figure 4.4: Similarity score (mean of the three training repetitions of Exp 3) be-
tween the activations at the last convolutional layer of the CNNs and CNGNs
during training.[Best viewed in color]

PWCCA technique.

The comprehension of neural networks is a work in progress. The neural net-

works’ internal representations analysis has gained importance in the research

community. Different similarity measures have been used to this end [180, 182–

184]. Centered kernel alignment (CKA) is frequently preferred over CCA-based

methods since it overcomes some limitations of this type of analysis [183]. How-

ever, both CKA and CCA methods have disadvantages [184]: CKA fails at de-

tecting differences outside the ten principal components of the representations,

whilst CCA is sensitive to the noise of the random initialization of the neural net-

works’ weights, and it needs that the number of data points exceeds the width of

the analyzed representations. The limitations of CCAwere not meaningful for the

presented study since all the neurons’ weights had the same initial values during

the performed experiments (pretrained networks and transfer learning were used

in all cases), and the representations’ width was always significantly smaller than
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the number of data points in the study. Therefore, PWCCA was selected for the

analysis since it outperforms other CCA-based methods [184].

The common ground of almost all studies related to artificial astrocytes is

the addition of the concept of time. This is pertinent since the current learning

paradigm for neural networks lacks such a notion. Recent neuroscience findings

indicate that the learning mechanisms of the biological brain work at different

rates and levels. That is to say, there are distinct mechanisms for neuroplasticity.

For example, the structural plasticity of the brain –that is, the changes in the net-

work of brain cell interconnections– is the result of a series of entangled processes

happening at different time scales. Hence, it is intuitive that we can improve the

existing learning paradigm for ANNs by complementing it with other mecha-

nisms working at different rates. Considering that astrocytes interact at a slower

rate than neurons in the nervous system, the developed artificial astrocyte use a

single change in the inner weights of the network (an optimizer step) to measure

the working rate of the neurons, and the astrocytes modulate the neuron’s weights

every few iterations of neuronal activity.

The proposed artificial astrocyte is compatible with the existing CNNs. Fur-

thermore, it only engages during training and introduces no additional parame-

ters to the models. The experimental results suggest that the astrocytes can affect

the classification performance of the models during the first training epochs, but

the effect decreases as the training progresses. Yet, in the particular case of the

MobileNet-V3-Lage architecture, the astrocytes improve the architecture’s classi-

fication accuracy on the KVASIR-v2 dataset by amargin of 2.36%with the training

regime employed during the carried experiments.

The optimal configurations of the astrocyte modulation factors found using

the grid search are architecture- and dataset-dependent. Furthermore, the found

configurations are intriguing (see Tables 4.3-4.6). For example, for epochs 7 through

9, the optimal Str is zero for the MobileNet-V3-Large architecture on the CIFAR-

10 dataset. That indicates that the astrocytes set to zero the parameters of the con-

volutional filters that reach the positive Astrocytic sensitivity in the defined num-

ber of iterations (Neuron-Glia power connection). Analyzing the mean similarity

score of the CNNs and CNGNs neuron activations for CIFAR-10 during epochs 7

through 9, the similarity score does not significantly change. The PWCCA tech-
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nique is intended to disregard the noise inside the models’ representations. Per-

haps all the convolutional filters whose parameters the astrocytes set to zero in

these epochs (with Str = 0) produce no relevant information. Hence, there is no

evident change in the similarity of the useful information in the activations and

no drop in the test accuracy (see Figure 4.3).

By examining the optimal configurations for the RegNet-Y-400MF architec-

ture, it is clear that the modulation factors are more alike than for the other ar-

chitectures. Consequently, the astrocytes in the RegNet-Y-400MF seem to com-

pensate for a sub-optimal learning rate for this architecture. The astrocyte hy-

perparameters are entangled with all the other hyperparameters. An interesting

experiment would be to optimize jointly other relevant hyperparameters. As for

the MobileNet-V3-Large, the Weak hyperparameter tends to have a higher value

than the Str as the training advances. Again, this behavior could be that the as-

trocytes decrease the contribution of convolutional filters that provide only noise

and empower the ones that provide relevant information for the task.

It is noteworthy that even with the aggressive astrocytes’ modulation of the

convolutional filters’ parameters, the models converge towards almost identical

classification metrics, and they produce similar neuron activations (as the similar-

ity analysis suggests), even in the extreme cases when the Str took values of zero.

A possible explanation is that the astrocytes move the convergence point along a

flat zone, cutting unnecessary information and acting like a pruning technique.

If this is the case, then the artificial astrocytes can be a key to optimizing mod-

els for inference by reducing their size in parameters (and FLOPs), making them

more efficient for embedded systems. However, more research in this direction is

needed to draw solid conclusions.

The consistent increment in the classification performance induced by the as-

trocytes in the MobileNet-V3-Large architecture on the KVASIR-v2 dataset could

indicate that astrocytes improved themodel’s generalization. Thus, the developed

artificial astrocyte could act as a regularization technique. Interestingly, another

research [171] linked the ideas of artificial astrocytes and dropout, a classical reg-

ularization technique. Past studies [185, 186] found that dropout can improve a

model’s generalization only to the point of the dropout probability and pointed

to the need for better regularization techniques that overcome this limitation.
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The presented artificial astrocyte unit is based on previous work on NGNs that

attempt to imitate the interactions of astrocytes with neurons. It is fascinating

how apparently different ideas in research seem to connect. Perhaps the devel-

oped method can be thought of as an evolution of dropout since it modulates the

network’s weights by using their units’ activation rates, discouraging the model’s

reliance on single directions. To test this hypothesis, more research on the impact

of the astrocytes on other properties of CNNs using generalization measures and

visualization techniques is needed.

In a nutshell, this chapter has analyzed the impact of introducing astrocyte-

like units on mainstream CNNs. The experimental results indicate that the astro-

cytes may improve the classification performance of the mainstream CNNs and

help reduce the overparameterized condition of models using the inner informa-

tion produced during training to prune units that produce irrelevant information

for the performed task. However, the carried-out analysis is limited by the scarce

precedents of this type of research, the number of experiments, and experimental

conditions, such as using the same training scheme for all the architectures and

datasets. This work can be a stepping stone for new studies following this re-

search pathway. It is imperative to keep dissecting the many unknowns of ANNs

by keeping pure research going and not getting carried away by trending techno-

logical advances, overlooking the proper study of the current paradigms.
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Chapter 5

Hybrid learning with model fusion

and hyperparameter optimization

This chapter presents a final approach that connects all the previous work pre-

sented in this thesis. However brief, it serves as a prologue for a new and promis-

ing research direction that seems to be the element that will bridge the sate-off-

the-art deep learning methods and real-world applications. Let this chapter be an

epilogue of this thesis research, delivering key ideas for the future and cementing

the new generation of intelligent systems for medical image classification with the

delivery of a novel hybrid learning strategy that empowers efficient convolutional

neural network models to reach unprecedented classification performance while

maintaining the computational requirements low.

Ensemble learning involves combining multiple models to improve classifica-

tion performance. However, as deep learning models have becomemore complex,

ensembles have become impractical due to the high computational resources they

require. On the other hand, model fusion aims to merge different models into a

single one. Weight averaging is a method that combines the parameters of neu-

ral networks to create a new parameter set that generalizes better. This method

has been particularly effective in recent years with deep learning models of sim-

ilar architectures, especially when the models are fine-tuned using different hy-

perparameters. In light of this, a new hybrid learning strategy called Gen-Soup

has been proposed. Gen-Soup optimizes hyperparameters using a genetic algo-
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rithm and uses weight averaging to combine the parameters in the populations

of solutions. This causes the population to evolve by simultaneously learning

hyperparameters and parameters. Additionally, artificial astrocytes are utilized

to add variance to the parameters without affecting the convergence region in

the loss landscape, allowing the populations to reside in different zones of opti-

mal regions, which is a desirable condition for weight averaging in deep learning

models. Experimental results validate the effectiveness of this approach.

5.1 Introduction

Ensemble learning is a prevailing practice inML that combines the outputs of var-

ious ML models to overcome the limitations of a single model and improve the

final system’s performance [43, 44]. However, ensemble learning bears a higher

computational cost from storingmultiple models and running all of them at infer-

ence operation [43–45]. This burden increases with the size and complexity of the

ensembled models [44] and can be a limitation for applications with low-latency

requirements [43] (as medical image classification can be).

Deep model fusion has gained attention for its potential to save resources in

DL applications practice [44], by replacing several DL networks in an ensemble

with a single one. Model fusion generates a single network by merging various

DL models. Additionally, the resulting model is less prone to overfitting and is

more robust by reducing the individual models’ bias and noise [44], which are

two of the three inevitable error sources in any MLmodel, as explained in Section

2.1.

Regarding deep neural networks, when trainedwith gradient-based algorithms,

the solutions (parameters) usually converge to points proximate to the boundary

of a flat region in the loss landscape [44]. Fusing different solutions can approach

the central zone of a flat optimal, leading to a better generalization solution [44].

Hence, fusing models’ parameters instead of just combining their outputs can

have advantages in both computational efficiency and classification performance.

Moreover, the combination of fine-tuning with model fusion can reduce training

costs and address the requirements of specific tasks or applications of DL [44].

Recent evidence shows that fusing DL models with similar architectures, fine-
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tuned with different hyperparameters, leads to better classification performance

[43,45], especially in data with a distribution shift (distinct from the training data

but from the same domain) [49, 50, 187]. Thus, these models generalize better

outside the scope of the training data.

The depicted advantages of fused models are more than enough reason to

explore this research direction for medical image classification systems. Conse-

quently, using the work presented in Chapters 3 and 4, a new framework based

on model fusion is conceived: Gen-Soup. Gen-CNN (presented in Chapter 3) al-

ready finds optimal hyperparameters with small variations for a given dataset,

and model fusion is compatible with the populations of solutions in the GA of

Gen-CNN.Moreover, the gene that represents the architecture type serves to iden-

tify similar models that can be fused using weight averaging [43,45,49], a simple

yet effective fusing technique for similar models. Additionally, weight averaging

thrives when uses parameters close to an optimal region in the loss landscape but

with some variations [49]. The artificial astrocyte unit developed in Chapter 4 can

deliver the diversity in the parameters trained with similar and pseudo-optimal

hyperparameters.

Note: by the nomenclature of the model fusion field, in this chapter, the terms

of model parameters and weights are used interchangeably.

5.2 Methodology

5.2.1 Genetic algorithm

The Gen-CNN’s GA presented in Chapter 3 also serves as the foundation for this

new framework. Besides the five genes that represent the hyperparameters op-

timized by Gen-CNN ( architecture, learning rate scaling factor, weight decay

factor, loss function, and optimizer), two more genes are included in the individ-

uals that represent the solutions of the GA. These two new genes represent the Str

and Weak artificial astrocyte hyperparameters. Figure 3.2 shows the encoding of

hyperparameter values into the [0,1] interval.

The GA works just the same as previously explained in Section 3.3.2, with

the addition of an elitism strategy that preserves the best solution from one gen-
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Figure 5.1: Encoding scheme of the individuals into 7 real-valued genes, each with
magnitude of one, {Ar,LR,WD,LF,Op,S,W } ∈ {0,1}7, that stand for the hyperpa-
rameters of CNN architecture, learning rate scaling factor, weight decay factor,
loss function, optimizer, artificial astrocytes’ Str factor, and artificial astrocytes’
Weak factor, respectively. The genes’ values are transformed into the hyperpa-
rameters’ values as shown for each gene.
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eration to the next. Hence, the best-evaluated individual of the generation gets

directly into the next one.

5.2.2 Hybrid learning with weight averaging

In Gen-CNN, the GA served to find the optimal hyperparameter configuration for

the dataset, effectively using low-fidelity prototypes during the evaluation phase

for computational efficiency. In this chapter, the GA serves as a means to train the

population of models to fuse at the same time as the hyperparameter optimization

is performed, constituting a learning strategy that simultaneously learns hyper-

parameters and parameters by using the evaluation phase as the training step of

the candidate models.

The GA initiates with a large population of models with different hyperparam-

eters. Each model is trained for a single epoch and evaluated using the validation

data (as described in Section 3.3.2). Then, the best-fitted individuals are selected

with a tournament mechanism (as described in Section 3.3.2), and a new gen-

eration with fewer individuals is generated using the selected models. The new

generation models inherit the hyperparameter configuration characteristics from

their parents, as in Chapter 3. But, additionally, they receive the learned parame-

ters of the best-fitted of their parents. Thus, each generation learns for one epoch

and passes the learned parameters to the next generation, executing a sequential

learning of parameters along the evolution of the population.

In order to inherit the learned parameters from its best-evaluated parent, the

offspring also receives the architecture gene from it. This behavior, along with the

progressive shrinking of the population size, provokes that a single architecture

gene prevails over the others in the latter generations. From an evolutionary per-

spective, we could think of the different architectures as competing species in an

environment with limited resources. The other (learning) hyperparameter genes

define behavior tendencies that determine how the individuals explore their envi-

ronment to find the resources (best zones in the loss-landscape), and the received

learned parameters are inherited knowledge about the environment, which the

new individuals try to improve to survive and pass their genes.

Iteratively averaging the weights of models with the same architecture at dif-
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ferent training times can reduce the resulting model’s variance as long as the av-

eraged models have similar training trajectories [44]. The model fusion element

is introduced precisely in the inheritance of the learned parameters. If the two

parents have the same architecture, the learned parameters that are passed to the

offspring are a weighted average of the set of parameters of both parents. The

set of inherited parameters is created using the same mechanism as the crossover

of hyperparameter genes, with each parent’s contribution to the offspring deter-

mined by their evaluations. Thus, the parameters of the offspring θOf f spring are

given by

θOf f spring =



















θPBE if PAr
1 , P

Ar
2

θP1EvP1+θP2EvP2
EvP1+EvP2

if PAr
1 = PAr

2

(5.1)

where θPBE is the set of parameters of the best-evaluated parent, PAr
1 and PAr

2 are

the architecture types of the first and second parent, respectively. θP1 and θP2 are

the sets of parameters of the first and second parent. And, EvP1 and EvP1 are the

evaluations of the first and second parent.

Gen-CNN uses low-fidelity prototypes during the evaluation phase of the hy-

perparameter optimization to tackle the efficiency issue of population-based op-

timization algorithms. Then, using the found global optimal set of hyperparame-

ters, the final model is trained with a higher computational compute regime that

uses the training images in a much larger size than in the low-fidelity prototypes.

Using larger image sizes improves the classification performance of DL models

but increases the computational load exponentially. Gen-Soup takes inspiration

from Gen-CNN to improve the algorithm efficiency and maintain the advantage

of using larger image sizes.

Since the proposed hybrid learning approach uses more numerous popula-

tions in the early generations than in the latter, using a big image size from the

beginning would pose a significant computational load. Consequently, Gen-Soup

scales the image size with the passing of generations to improve the computa-

tional efficiency of the algorithm. The early generations use small image sizes to

explore the hyperparameter search space and approach optimal zones in the loss

landscape. Ultimately, the latter generations, composed of much fewer individ-
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uals, take advantage of both the increased image size and the optimal hyperpa-

rameter configurations found at that point to exploit the optimal loss-landscape

regions.

5.3 Results

5.3.1 Datasets

Two of the medical image datasets used in the previous chapters, KVASIR-v2

[141], and BreKHis-v1 [145], are once again employed to assess the suitability

of this hybrid learning approach for the development of medical image classifica-

tion systems. These two datasets are the choice for the following reasons:

1. Efficiency. Since these experiments are to prove the operability and use-

fulness of the proposed approach without seeking final results or a com-

prehensive assessment of the algorithm behavior, it is better to test it with

datasets that are not too numerous so the experiments do not take too much

time to complete. These two datasets have enough images to effectively

fine-tune DL models and are much scarcer than standard benchmarking

datasets, such as CIFAR-10 [181], or other medical image datasets, such as

ISIC-2019 [142–144].

2. Effective representation of the target domain. The objective of this thesis

is to develop image classification systems suitable for medical images. The

KVASIR-v2 has images from the gastrointestinal tract captured with a cam-

era during endoscopies, whereas BreaKHis-v1 contains microscopic images

of breast tumor tissue collected at different magnifying factors (40X, 100X,

200X, and 400X). Therefore, these two datasets consist of medical images

from distinct medical specialties, from unalike body parts at very dissimi-

lar scales, captured with different devices. Thus, they serve to represent a

portion of the vast diversity of the medical image domain.

3. Contrast between balanced and unbalanced datasets. This thesis frequently

discusses the challenge of the natural imbalance in medical imaging sam-
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ples. Furthermore, the experimental results in Chapter 4 on artificial as-

trocytes suggest that some hyperparameter configurations of these units

can negatively impact the classification performance of models in unbal-

anced datasets. Consequently, experiments are conducted using a balanced

dataset (KVASIR-v2) and a highly unbalanced one (BreaKHis-v1) to assess

how the proposed hybrid learning approach is affected by dataset imbalance

andwhether the hyperparameter optimization of the artificial astrocytes can

address the previously observed behavior of CNGNs in unbalanced datasets.

5.3.2 Experiments

Experimental setting

All the experiments used the same software and hardware conditions: AMDRyzen

5 3400G CPU, one NVIDIA GeForce GTX 1660 Ti GPU, 16 GB RAM, and 476 GB

system memory. All the algorithms were implemented in Python 3.8.18, using

the environment Spyder 5.4.3. Pytorch 2.2.1 and CUDA 11.8 are the frameworks

for neural networks and optimizers. The optimizers used their default values in

Pytorch for their specific hyperparameters.

The hyperparameters for Gen-Soup used in the experiments are displayed in

Table 5.1

Search space

The search space of the optimized hyperparameters used for the experiments is

a combination of the search spaces defined in previous Chapters. The learning

(training) hyperparameters have the same search space as in Gen-CNN in Chapter

3, and the astrocytes hyperparameters have the search space defined in Chapter 4.

As for the architecture, for this batch of experiments, the search space is defined

only with architectures capable of performing on mobile devices (with a FLOP

complexity of up to ∼ 600 MFLOPs [16]) for efficiency of the experiments. Table

5.2 shows the search space of the optimized hyperparameters using Gen-Soup.
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Table 5.1: Hyperparameters of Gen-Soup for the experiments. The crossover and
mutation probabilities appear in order for the genes of CNN architecture, learn-
ing rate scaling factor, weight decay factor, loss function, optimizer, artificial as-
trocytes’ Str factor, and artificial astrocytes’ Weak factor, respectively.

Hyperparameter Value

Generations Exp1 = 20 & Exp2 = 35
Training epochs 1
per generation

Training epochs at 1
the same image size
Training epochs at 10
max image size
Image sizes From 224× 224 to 302× 302
Learning rate Exp1 = Cosine annealing
scheduler Exp2 = None

Initial population 50 individuals
size

Reduction of population 5 individuals
size per epoch

Minimum population 10 individuals
size

Evaluation function MCC (validation)
Crossover probability [0, 0, 0, 0.9, 0.9, 0.9, 0.9]
Mutation probability [0, 0.25, 0.25, 0.25, 0.25, 0.15, 0.15]

Table 5.2: Search space of the hyperparameters optimized by Gen-Soup.
Hyperparameter Search space

RegNet-Y-400MF, RegNet-X-400MF,
Arquitecture MobileNet-V3-Large, Shufflenet-v2-x2 0,

Mnasnet-1 0, Squeezenet-1 1’
Learning rate [1× 10−5,1]
scaling factor
Weight decay [1× 10−9,0.1]

Cross-entropy, label smoothing,
Loss function logit penalty, logit normalization,

sigmoid cross-entropy
Optimizer Adam, AdamW, Adamax, Adagrad, ASGD,

LBFGS, NAdam, RAdam, RMSprop, Rprop, SGD
Astrocytes’ Str [0.5,1.5]

Astrocytes’ Weak [0.5,1.5]
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5.3.3 Data augmentation

For all the experiments, every training batch goes through a transformation phase

where the techniques of random crop, random rotation (of up to 90◦), random

vertical flip (50% probability), random horizontal flip (50% probability), color

jitter transformation, and Cutmix or Mixup serve as augmentation techniques.

Results

This chapter aims to present the hybrid learning algorithm and validate its effec-

tiveness. Thus, it is a proof of concept of the hybrid learning framework based on

hyperparameter optimization and model fusion. Therefore, two experiments are

performed with the elected datasets to assess the viability of this new research

direction. For all the Gen-Soup hyperparameters, there exists an antecedent to

guide its configuration. Thus, these two puzzling hyperparameters have different

values in the two performed experiments precisely to evaluate their impact on the

algorithm.

These two hyperparameters are the number of training epochs and the em-

ployment of a learning rate scheduler. For almost all of the Gen-Soup hyperpa-

rameters, the Gen-CNN hyperparameters used in Chapter 3 serve as guidance.

Gen-CNN trained the final model using the hyperparameters set found by the

GA using a standard number of epochs and a learning rate scheduler for the type

of model and dataset. However, Gen-Soup trains the final model along with the

hyperparameter optimization procedure. Thus, the number of generations and

training epochs per generation determine the number of training epochs of the

resulting model. For simplicity, let us set the number of training epochs per gen-

eration to one. Therefore, a generation is equivalent to a training epoch. Also,

the employment of a learning rate scheduler is a good practice. However, the

learning rate changes each generation (epoch) due to the hyperparameter opti-

mization, and the astrocytes perform an additional non-supervised modulation

of the networks’ parameters that also change each generation by the hyperparam-

eter optimization. Thus, there is no way of anticipating how all of these different

modulations of the parameters interact with each other.

For the evaluation of the impact of artificial astrocytes on the proposed learn-
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ing framework, each experiment applies the Gen-Soup algorithm to the datasets

in two ways: once with astrocytes and once without. These two experiments

utilize different numbers of generations, with one using the same learning rate

scheduler as Gen-CNN and the other using no learning rate scheduler. Table 5.1

shows all the Gen-Soup hyperparameters used for both experiments. Let us des-

ignate the experiment that uses learning rate scheduler as Exp1, and the other as

Exp2. In the experiments, when the astrocytes are not included, the individuals

have five hyperparameters, just like the experiments using Gen-CNN in Chap-

ter 3. On the other hand, when the astrocytes are utilized, the individuals have

seven hyperparameters. Experiments using CNGNs (CNNs with astrocytes) have

individuals composed in the way that Figure 5.1 shows. Experiments that do not

include artificial astrocytes remove the Artificial astrocyte’s hyperparameters genes

from their genomes.

Figure 5.2 shows the evaluation (MCC in the validation partition) of the best-

evaluated individual per generation in Exp1. The models seemingly converge to

similar classification performance regardless of the astrocytes in both datasets.

Table 5.3 shows the classification performance metrics of the optimal individuals

(the ones with the highest evaluation during the operation of Gen-Soup) in Exp1.

The Shufflenet-v2-x2 architecture prevailed in all cases but the KVASIR-v2 dataset

without astrocytes where RegNet-Y-400MF prevailed, which is also the case that

achieved the best classification metrics for Exp1 in the KVASIR-v2 dataset. For

the BreaKHis dataset, the case with astrocytes had a slight enhancement in clas-

sification metrics with respect to its counterpart without astrocytes.

Figure 5.3 shows the evaluation of the best-evaluated individual per genera-

tion in Exp 2. As with Exp 1, the models converge to similar classification per-

formance in both datasets. In contrast with Exp1, the evaluations’ behavior for

KVASIR-v2 is quite unstable. Table 5.4 shows the classification performance met-

rics of the optimal individuals in Exp2. Once again, the Shufflenet-v2-x2 and

RegNet-Y-400MF were the prevailing architectures, this time an equal amount of

cases each. For Exp2, the cases that used artificial astrocytes have the highest

classification metrics for both datasets.

148



Figure 5.2: Validation MCC of the best-evaluated individual in each generation of
Gen-Soup in Exp 1.

Table 5.3: Classification metrics of resulting models in Exp 1.
KVASIR-v2

Artificial Prevaling Test Test Test
astrocytes arquitecture CAT-ACC F1 MCC

No RegNet-Y-400MF 0.9287 0.9285 0.9187
Yes Shufflenet-v2-x2 0 0.9237 0.9237 0.9131

BreaKHis-v1
Artificial Prevaling Test Test Test
astrocytes arquitecture CAT-ACC F1 MCC

No Shufflenet-v2-x2 0 0.9279 0.9172 0.9051
Yes Shufflenet-v2-x2 0 0.9336 0.9256 0.9129

5.4 Discussion and conclusions

The proposed hybrid learning algorithm is fully operational. These experiments,

which are intended to be a proof-of-concept, were successful in demonstrating the

effectiveness of the method since all the tested cases achieved competent classifi-

cation performance (can see Tables 3.6 and 3.8 for references of the state-off-the-

art models’ performance in these datasets) despite the reduced training setting

in terms of the number of total training epochs, image sizes, and the lack of pre-

cursors to guide the selection of many of the fundamental hyperparameters of

Gen-Soup.

With the experiments’ efficiency in mind, only low-FLOPs complexity archi-

tectures were included in the search space. Despite the simplicity of the archi-
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Figure 5.3: Validation MCC of the best-evaluated individual in each generation of
Gen-Soup in Exp 2.

Table 5.4: Classification metrics of resulting models in Exp 2.
KVASIR-v2

Artificial Prevaling Test Test Test
astrocytes arquitecture CAT-ACC F1 MCC

No Shufflenet-v2-x2 0 0.9387 0.9387 0.9301
Yes RegNet-Y-400MF 0.9418 0.9419 0.9335

BreaKHis-v1
Artificial Prevaling Test Test Test
astrocytes arquitecture CAT-ACC F1 MCC

No Shufflenet-v2-x2 0 0.9140 0.8956 0.8866
Yes RegNet-Y-400MF 0.9292 0.9162 0.9066

tectures when compared to the state-of-the-art architectures, they achieved out-

standing classification performance using the proposed hybrid learning method.

The results presented in Table 5.4 for the KVASIR-v2 dataset are, to the best of

the author’s knowledge, the highest reported in the current literature. Notably,

these results were obtained using relatively simple architectures with up to ap-

proximately 21 times fewer FLOPs than their closest competitors in this dataset

(can see FLOPs of competitor models in Table 3.6).

The Shufflenet-v2-x2 and RegNet-Y-400MF architectures prevailed against all

others in the experiments. However, the architectures consistently changed with

the experiments’ conditions, with only de Shufflenet-v2-x2 prevailing always for

the BreaKHis-v1 dataset with no astrocytes case. These results imply that these

two architectures adapt better than the other in the search space for the consid-
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ered hyperparameters of the Gen-Soup algorithm. However, the optimal architec-

ture continues to seem dependent on the dataset and all the other hyperparame-

ters’ settings. This observation justifies that HPO algorithms are fundamental to

obtaining optimal results in DL applications.

For the KVASIR dataset, the usage of a learning rate scheduler appears to be

consequential in the stability of the models’ evaluations stability for the hyper-

parameter optimization phase, as the differences between Figure 5.2 and Figure

5.3 suggest. Perhaps that is the case for other datasets. However, both cases (with

and without astrocytes) achieved better classification performance in Exp2 than

in Exp 1 for this dataset. Yet, it can also be because of the increased number of

training generations. Nevertheless, for the BreKHis-v1 dataset, the opposite oc-

curs. Despite the increased number of training epochs in Exp2, this experiment

had lower classification metrics than Exp1. These results imply that the optimal

usage of a learning rate scheduler can be dataset-dependent. In future work, the

usage or not of a learning rate scheduler can be considered as a hyperparameter

for the HPO. However, the question of whether it would be an independent hy-

perparameter of a conditional hyperparameter of the learning rate scaling factor

needs a deeper analysis.

Even though the initial experiments were successful, there is still much to

learn about the behavior of Gen-Soup. The hybrid learning algorithm being pro-

posed has several hyperparameters that require further investigation. For exam-

ple, while scaling the image size over the generations appears to be effective, it can

bias the evaluations of early generations, consequently influencing the prevailing

architecture. This could result in a suboptimal architecture prevailing due to this

method, ultimately impacting the algorithm’s overall performance. Moreover, the

learning hyperparameters used in the experiments are the same as in Chapter 3

due to their proven efficacy in shaping the models’ performance. However, the

considered artificial astrocyte’s hyperparameters are the same as in Chapter 4 for

the lack of a deeper understanding of the artificial astrocytes that require further

investigation all alone.

The model fusion technique implemented in Gen-Soup is based on the model

soups approach [45], from which it derives its name. Model soups involve com-

bining models’ parameters with the same architecture but different hyperparam-
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eters, such as learning rate, weight decay, training epochs, data augmentation,

mixup, and label smoothing. Many of these hyperparameters are within the scope

of the HPO process of Gen-CNN. Therefore, the methods of model soups and

Gen-CNN are compatible, and their combination originated the idea of hybrid

learning that Gen-Soup performs.

The population parameter averaging (PAPA) [43] method is a weighted aver-

age approach that combines the parameters of models trained on the same data

but with different augmentation techniques. At regular intervals during training

epochs, the individual model parameters are adjusted towards the mean weights

of a population of models. PAPA achieves this by averaging the models’ weights

using the exponential moving average, which is a hyperparameter that regulates

the linear interpolation of the averaged weights. In contrast, Gen-Soup averages

the parameters of pairs of models (parents) using the weighted average by the

parent’s evaluations that the proposed GA also uses in the crossover of genes.

The experimental results of the PAPA approach demonstrated that weight av-

eraging is effective when employed with population-based methods [43], which

reinforced the idea of combining the population-based HPO of the GA in Gen-

CNN with weight averaging to construct the Gen-Soup algorithm.

Weight average is the most efficient model fusion technique, and, for simi-

lar models, it can effectively approximate the optimal point of the region in the

parameter space where the loss function value is low [44]. The hypothesis be-

hind Gen-Soup is that the GA drives the models to similar trajectories in the loss

landscape since the prevailing genes define how the models engage with the op-

timization surface in training (the loss landscape). Thus, as the GA converges,

the models should be near each other in the loss landscape and weight averaging

their parameters aids them to reach the center of optimal flat regions.

An interesting future research is using mode connectivity methods to assess

the loss-landscape of similar individuals in the population. For instance, creat-

ing a generation technique that uses the parameter space of the low-loss mani-

fold connecting two individuals. Also, using the pipeline quantification of mode

connectivity as an evaluation metric for populations of solutions to find optimal

regions in the landscape using the local optimal points that are the individuals.
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Chapter 6

Discussion and conclusions

6.1 Hyperparameter optimization

Throughout this thesis, the selection of different hyperparameters has been con-

tinuously proven to be fundamental in determining the classification performance

of models. Moreover, the experimental results in chapters 3 and 5 show that, with

hyperparameter optimization, models with significantly less computational com-

plexity canmatch or surpass the classification performance of ensemble and state-

of-the-art models. Such is the case of the two models based on the ShuffleNet-

v2-x2 0 architecture in Table 5.4, which have only 591 MFLOPs and almost the

same classification performance as the ensemble model with approximately 12.63

GFLOPs (≈21 times more than the ShuffleNet-v2-x2 0 models) in Table 3.6.

Even more impressive is the fact that the ShuffleNet-v2-x2 0 model in Table

5.4, trained with the hybrid training scheme (using the artificial astrocytes) pro-

posed in Chapter 5, is the model with the highest classification metrics for the

KVASIR-v2 dataset in the current literature to the best knowledge of the author.

Even though the experiments conducted in Chapter 5 serve as a proof of concept

for the proposed hybrid learning approach and were not intended to achieve the

best possible results. Let us recall that the artificial astrocytes do not introduce

more parameters to the networks nor extend their capacity and are present exclu-

sively in the training phase. The models are the same off-the-shelf architectures

that have been available in many DL libraries for years. The proposed approaches
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only guide the networks to optimal solutions without introducing anything new

into them.

The results of this thesis demonstrate that optimizing a few pivotal learning

hyperparameters is sufficient to develop competent image classification models.

These results add to the building of knowledge about the hyperparameters of

CNNs. It is worth mentioning that, to the best of this author’s knowledge, the re-

search performed in this thesis is the first precedent of introducing the pretrained

CNN architecture as a learning hyperparameter, allowing the HPO algorithm to

choose the best fitting architecture for the dataset from a pool of off-the-shelf

CNNs. Besides, it was proven that the low-fidelity prototypes commonly used

in the related field of NAS are effective surrogate models for the evaluation of

CNNs under different hyperparameter configurations, hastening the evaluation

phase of the GA, which is the most resource-intensive and time-consuming step

of population-based optimization algorithms.

The novelty and expectations of DL have caused the unstoppable development

of more complex architectures and learning methods, increasing the number of

hyperparameters and intricacy in their interactions at an unexpected rate. There-

fore, hyperparameter optimization will be crucial for the future of DL. Although

HPO algorithms for DL are still in their early stages, they have demonstrated re-

markably good results, as evidenced in this thesis. Nevertheless, there is much

that remains unknown. For instance, the effect of meta-overfitting wish is a cru-

cial limitation of HPO that remains widely ignored and lacks of proven and ef-

ficient countermeasures. In this thesis, the maximization of the validation MCC

was set as the optimization target for the HPO algorithms to reduce the meta-

overfitting effect with seemingly positive results. However, an in-depth analysis

of this measure is needed to assess its effectiveness. Another important topic

that requires more attention is the design of optimization targets for HPO in DL.

Almost all of the existing methods, including the ones proposed in this thesis,

maximize the performance in a partition of the training dataset, which has been

successful up to this point but seems quite simplistic and lacks relevant research

that supports it as the better choice.

Many opportunities exist to enhance HPO techniques for DL. These oppor-

tunities originate from the unresolved mysteries that CNNs, and ANNs in gen-
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eral, still have. For the progress of DL, it is crucial to conduct research that ex-

amines the behavior of CNNs and quantifies their properties. HPO for DL can

benefit from using methods that effectively quantify the network’s characteris-

tics. Currently, there is ongoing research in this area that has shown promising

results, such as the class-selectivity index measure and linear mode connectiv-

ity approaches. Until our understanding of the behavior of CNNs improves, we

can continue to rely on metaheuristic methods, such as GAs, which have demon-

strated effectiveness and efficiency in the field of DL.

6.2 Neuro-inspired models

ANNS are ultimately inspired by the human brain. However, in recent years, this

fundamental connection has been overlooked. The contemporary success of DL

can be attributed to the advancements in technology and the availability of mas-

sive amounts of data. Despite this, it is important to acknowledge the origins of

DL. Most research in the past decade has focused on improving model perfor-

mance at the expense of increased complexity. While this approach has been ef-

fective, it has also introduced other issues. More significantly, there is a scarcity of

research that genuinely examines these systems. Much remains unknown about

DL models, and the field is evolving at a rapid pace, often neglecting the neces-

sary analysis of these systems. In this thesis, a simplemodel resembling astrocytes

was developed to explore the potential impact of the mechanisms of these cells

on standard CNNs, with enigmatic findings.

The developed artificial astrocyte modulates the network parameters by the

firing rate of their neurons in a non-supervised fashion. The several experiments

performed to characterize the effect of this parameter modulation mechanism

show that the CNNs converge to similar classification performance despite the ag-

gressive and non-supervised modulation by the astrocytes, suggesting that ANNs

have the capacity to autoregulate using their inner signals. This opens the door

to a whole new family of approaches. In the author’s opinion, astrocytes appear

to function as a regulatory element within neural networks. They could serve as

a crucial factor in enhancing trust in ANNs, which are often seen as black boxes

due to their opaque nature.
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The experiments performed with the artificial astrocyte are limited in differ-

ent aspects. First, only two of the four hyperparameters of the artificial astrocyte

model were investigated. Additionally, other hyperparameters influence the arti-

ficial astrocyte behavior, such as the batch size in training. An in-depth analysis

of these is pending. Second, the analysis of the effect on the networks is limited

by the employed metrics. A common issue for the proper study of neural net-

works is the lack of reliable and straightforward methods to measure their char-

acteristics. The PWCCA metric was useful for assessing the similarity in evoked

activations between networks, and the classification metrics always shed light on

the performance of the models in the target task. However, more analysis using

other approaches is needed to characterize the behavior of the proposed CNGNs

paradigm.

The results in Chapter 4 (comparing the accuracy in Table 4.7 and Table 4.8

for the BreKHis-v1 dataset) showed that the astrocytes were detrimental to the

classification accuracy of models trained with unbalanced datasets. However, it

was hypothesized that it was due to the grid-search optimization of their hyperpa-

rameters that targeted the classification performance, which is not the best choice

for imbalanced datasets (hence the selection of the MCC for the developed HPO

algorithms). The results of Chapter 4 confirm this hypothesis since the astrocytes

guided the models to outperform the CNNs (networks without astrocytes) in the

BreKHis-v1 dataset (Tables 5.3 & 5.4), which is unbalanced. This also reinforces

the fact that the MCC is a good optimization target for HPO algorithms since it is

a well-rounded and robust metric that represents the classification performance

in a more reliable way than other metrics, such as accuracy.

This thesis results on artificial astrocytes are limited by the previously dis-

cussed factors. Additionally, the proposed artificial astrocyte unit is a simplistic

interpretation of the role of astrocytes in the human brain. Even so, the experi-

mental results show that the artificial astrocytes indeed contribute to the models’

learning process. An intriguing phenomenon that remains answerless and has to

be further studied is when astrocytes set to zero the parameters of whole kernels

without influencing the models’ performance and evoking similar activation to

the CNNs trained under the same conditions (without astrocytes).

Finally, this thesis explored neuro-inspired units based on astrocytes to im-
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prove the learning paradigm of neural networks. However, the area of neuro-

inspired computing is immense and full of possibilities. The fields of AI and

neuroscience have always found support in one another, but an important part

of the current research on DL is too focused on technological developments, over-

looks fundamental research that is always needed, and neglects other opportunity

areas. It is important to raise the voice about this issue and support new and orig-

inal research.

6.3 Model fusion

Newmethods are emerging to address the issue of the computational efficiency of

DL models. It is important to handle this matter and not get carried away by im-

pressive results at an experimental level. The field of AI has historically suffered

from big expectations founded on early results that failed to deliver practical so-

lutions. Model fusion apparently will play a key role in the future, given that

ensemble learning has become impractical for contemporary DL models.

Together, model fusion and HPO can handle the generation of practical mod-

els with outstanding classification performance for non-expert ML users. Facili-

tating the application of this technology is fundamental to allowing its employ-

ment in other areas and hastening the research of applied DL.

The proposed hybrid learningmethod has a surprisingly effective performance.

The experiments conducted in Chapter 5 were only intended to show the oper-

ability of the algorithm and set the base for future research. Nevertheless, the re-

sultingmodels have an outstanding classification performance despite their FLOP

complexity. The results displayed in Table 5.4 for the KVASIR dataset are the

highest in the current literature for the best knowledge of this author. Achieving

this with an architecture that is theoretically capable of operating on mobile de-

vices is a prominent result that demonstrates that the current DL models have the

capacity to offer the solution expected from them. We only need to find a way of

utilizing them properly.

The results obtained with Gen-Soup evidence that we are going in the correct

direction to fulfill the expectations about practical AI solutions. However, there is

much work to do. The results of Gen-Soup are still preliminary, and an in-depth
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analysis of the algorithm behavior is still pending.

6.4 Ethical implications

DL algorithms are powerful tools but still data-driven, which bear many issues.

This type of technology thrives in good part because of the Big Data era. How-

ever, having massive amounts of data does not guarantee that the data captures

the real world. In healthcare, DL systems can be uncertainty-biased as a conse-

quence of the under-representation of marginalized groups [11] or present bias

due to the data being endogamic [8,25]. Also, the data carries the predispositions

of the people that generated it [8]. For instance, a study found that an algorithm

was categorizing unequally the risk levels of black and white people despite their

illness signs, affecting millions of patients [11, 188]. In this regard, this author

believes that DL systems targeted to clinical applications should undergo a com-

prehensive validation process, using data from the facilities where the systems

are to be used whenever possible. Additionally, explainable AI will play a major

role in building trust in these systems.

Also, DL systems are prone to error, as any other system. However, the lack

of proper guidelines and laws regarding the application of AI in medicine for the

novelty of such systems poses a potential liability for medical practitioners [189].

Moreover, datasets of medical images can convey privacy and ethical issues [8].

Sensitive patient information is prone to abuse or unauthorized utilization [8].

Thus, protecting patient privacy and confidential information is crucial while cre-

ating medical datasets [8]. These situations lay outside the scope of research and

engineering, but are still key factor for the spreding of these type of technology.

6.5 Conclusions

The results of this thesis show that the existing DL architectures can offer so-

lutions to the contemporary challenges of AI. Extending the capacity of models

and designing more complex architectures has been successful in improving the

classification performance but poses many other challenges for real-world appli-
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cations, hindering the spreading of this technology to other areas, such as medical

image classification. The research presented in this thesis demonstrates that there

are other, more efficient ways of improving classification performance without

compromising the scalability and practicalness of the classification models.

Several contributions were made throughout this thesis. In the HPO of DL

systems regard, a few influential hyperparameters were found to be sufficient to

shape the classification performance of models trained using transfer learning.

Additionally, a GA with real-valued genes capable of optimizing numerical and

categorical hyperparameters was proposed and validated using the standard cri-

teria for heuristic models in Chapter 3. The proposed GA counteracts the effect of

meta-overfitting, a limitation for HPO in DL, by using the MCC in the validation

data as an optimization target. This countermeasure was successful throughout

the thesis, but a formal analysis is pending to completely validate its effectiveness.

Chapter 3 culminates with the development of an AutoML framework that au-

tomatically generates optimized CNN models for image classification. Gen-CNN

is capable of generating medical image classification models with low computa-

tional complexity (in terms of FLOPs) with classification performance comparable

to or even better than the state-of-the-art, custom-made, and ensemble models in

the current literature.

Contributions to the field of neuro-inspired AI were made in Chapter 4. A

novel artificial astrocyte that mimics the multi-time scale neuroplasticity mecha-

nisms of the human brain is proposed. The proposed artificial astrocyte regulates

the models’ parameters by the firing rates of its neurons. Additionally, the pro-

posed artificial unit is compatible with the current deep learning architectures,

adds no parameters, and is active only in the learning phase of the model. This

chapter premieres the paradigm of CNGNs by introducing the proposed artifi-

cial astrocytes into standard CNNs. Experimental results show that the artificial

astrocytes act as a regulatory element of the internal signal of the network and

can improve the models’ performance, depending on their hyperparameter con-

figuration. All these results aid in filling the gap in the current literature about

artificial astrocytes.

Finally, Gen-Soup, a novel hybrid learning approach that integrates all the

previous work, is presented in Chapter 5 with promising preliminary results.
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This method also utilizes model fusion, which is gainingmomentum as ameans to

combine DL models in a more effective way than ensemble learning does. Ensem-

ble learning is effective in enhancing classification performance but is impracti-

cal. Model fusion techniques are an emerging and effective way of combining the

attributes of models into a practical single network. The fields of HPO and model

fusion appear to be cornerstones that will bridge the sophisticated DL approaches

and real-world applications. Gen-Soup is a disruptive new method that combines

HPO and model fusion to achieve the simultaneous learning of parameters and

hyperparameters. To the best of this author’s knowledge, the preliminary results

using Gen-Soup outperform all other approaches in the current literature for the

classification of images in the medical image dataset KVASIR-v2.
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