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Resumo

Ao longo dos tultimos anos, as abordagens de Deep Learning tém sido o "gold standard" para uma
mirfade de tarefas e aplicacdes quer a nivel de investigacdo quer em vdrias inddstrias. Isto deve-se
principalmente a obten¢édo de grandes resultados e desempenhos.

Deep Learning estd enraizado no conceito de redes neuronais artificiais - estruturas que pre-
tendem traduzir a conjuntura do cérebro humano para um contexto computacional. Nesse sentido,
redes neuronais artificiais reproduzem, de forma simplificada, o complexo sistema cerebral através
das suas unidades, que representam os neurdnios, e das ligacdes entre unidades, que implicam a
transmissdo de informacdo que existe entre as mesmas. A conformacio que se reflecte em tal
formulacdo envolve uma grande quantidade de cdlculos que, consequentemente, conduz a um
alto grau de complexidade que, por sua vez, se repercute como impraticdvel para compreensdo e
andlise humana. Assim, torna-se normal percepcionar estes sistemas como "caixas negras" que
recebem certos inputs e produzem outputs diferenciados. Tal paradigma revela um contratempo
considerdvel para a sua implementacdo em determinados contextos. Em dreas altamente reg-
ulamentadas, como os cuidados de saide, existe uma procura de estruturas que sejam capazes
de fornecer algum tipo de fundamento ou raciocinio légico para a sua funcionalidade. Tém de
ser explicaveis e dignos de confianca. A "Explainable Artificial Intelligence" € o dominio que
visa satisfazer estes requisitos, estudando e concebendo estratégias e métodos que possibilitem a
explicacdo da acdo de sistemas de inteligéncia artificial, e que por conseguinte viabilizem uma
compreensdo razodvel e acessivel por parte de agentes humanos.

Actualmente, a maioria dos algoritmos de explicabilidade de tltima geracdo focam-se no
fornecimento de mapas de saliéncia que realcam as ocorréncias mais importantes para as decisdes
de modelos de Machine Learning. No entanto, estes mapas de sali€ncia sao frequentemente difi-
ceis de ler, ou porque o seu consumidor ndo é um perito ou porque a sua representacdo € uma
ideia semantica compreensivel para o ser humano nio estdo diretamente ligados. A multimodal-
idade pode ajudar a solucionar este problema. A incorporagdao de dados multimodais nas expli-
cagdes criadas reforga a sua diversidade e complementaridade, aumentando a probabilidade de ter
pelo menos uma explicagdo que o consumidor compreenda. Esta dissertagdo tem como objectivo
fundamental investigar e desenvolver metodologias de geracdo de explicagcdes multimodais para
sistemas de apoio ao diagndstico médico. Nesse sentido, o trabalho proposto visa a utilizacdo de
imagens de raios-X e seus relatérios de radiologia associados para produzir explicagdes visuais e
textuais de qualidade, no ambito de tarefas de classificacdo.

O trabalho concretizado € segmentado em trés vertentes: experiéncias independentes de ger-
acdo de explicacdes unimodais a partir de dados unimodais; experiéncias de producdo de expli-
cacdes visuais recorrendo a dados multimodais; experiéncias de geracdo de explicagdes textuais
usando dados multimodais. As abordagens exploradas revelaram ter potencial, dado que foi pos-
sivel produzir explicacdes vidveis de forma automatica sem prejudicar a robustez dos exercicios de
diagnéstico. A nivel visual, introduziram-se claras melhorias na qualidade das explicacdes e das
proprias tarefas em si, enquanto no dmbito textual os resultados acabaram por ser menos claros.
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Abstract

Over the past few years, Deep Learning approaches have been the "gold standard" for a myriad
of tasks and applications both in research and in various industries. This is mainly due to the
achievement of great results and performances.

Deep Learning is rooted in the concept of artificial neural networks - structures that aim to
translate the conjuncture of the human brain into a computational context. In this sense, artificial
neural networks reproduce, in a simplified way, the complex brain system through its units, which
represent neurons, and through the connections between units, which involve the transmission of
information that exists between the latter. The conformation that is reflected in such a formulation
involves a large amount of computation which, consequently, leads to a high degree of complexity
that, in turn, resonates as impractical for human understanding and analysis. Thus, it becomes
normal to perceive these systems as "black boxes" that receive certain inputs and produce differ-
entiated outputs. Such a paradigm reveals a considerable setback for implementation in certain
contexts. In highly regulated areas, such as healthcare, there is a demand for structures that are
able to provide some kind of rationale or logical reasoning for their functionality. They have to be
explainable and trustworthy. Explainable Artificial Intelligence is the domain that aims to satisfy
these requirements by studying and devising strategies and methods that make it possible to ex-
plain the action of artificial intelligence systems, and therefore enable a reasonable and accessible
understanding by human agents.

Currently, most state-of-the-art explainability algorithms focus on providing saliency maps
that highlight the most important instances for Machine Learning models’ decisions. However,
these saliency maps are often difficult to read, either because their consumer is not an expert or
because their representation and a human-understandable semantic idea are not directly connected.
Multimodality may be one way to address this problem. Incorporating multimodal data into ex-
planations strengthens their diversity and complementarity, increasing the likelihood of having
at least one explanation that the consumer understands. This dissertation fundamentally aims to
investigate and develop methodologies for generating multimodal explanations in medical diag-
nostic support systems. Accordingly, the proposed work targets the production of quality visual
and textual explanations within classification exercises, by using X-ray images and their associated
radiology reports.

The work is segmented into three threads: independent experiments on generating unimodal
explanations from unimodal data; experiments on producing visual explanations using multimodal
data; experiments on generating textual explanations using multimodal data. The various explored
approaches proved to have a lot of potential as it was possible to yield viable explanations in an
automated way without undermining the robustness of the diagnostic exercises. At the visual level,
clear improvements were made in the quality of the explanations and the tasks themselves, while
at the textual level the results turned out to be less satisfactory and clear.
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Chapter 1

Introduction

1.1 Context

The advancements in modern computer science technology and computational resources allow
Machine Learning (ML) to be present in our daily lives and routines, applying its functionalities
to devices like mobile phones and cars. Besides that, the increasing accuracy and ever-growing
performance improvements of this type of system, regarding countless different tasks, has made
them a very popular resource in various industries and research areas. It is important to denote
that the majority of recent developments within the ML spectrum have arisen from Deep Learning
(DL) approaches and techniques. Thus, varied Deep Neural Network (DNN) architectures have
emerged in different domains.

In the medical field, there has been considerable progress towards the integration of Artificial
Intelligence (AI) and specifically DNNs, over the recent years. Diagnostic support [1] and retrieval
systems [2] represent that reality. However, there is still a big gap between the current panorama
and what can be the potential of these technologies, which may not be so true in other areas. This
is mainly due to two reasons: healthcare is an extremely high regulated environment, and DL
models are the majority of times seen as black boxes.

Despite the many different configurations and tasks assigned to DNNs, the general sense that
they function as opaque contrivances, where inputs are fed and a distinct result or prediction is
produced as an output, prevails. This happens thanks to what differs DL from the traditional
ML procedures: the high complexity of the designed structures that lead to millions of non-linear
calculations, which in themselves are virtually impossible to follow and make a simple reason-
ing of, and the automatic feature extraction, which adds another layer of opacity to the models.
The entailed hindrances provide for mechanisms to become more and more secluded and unpre-
dictable. Normally, this behavior is not permitted within highly regulated fields like finances [3] or
medicine [4]. There exist various constraints related to safety and legal issues that ensue some sort
of insight on the function of the mentioned strategies. In other words, there is a need for explain-
ability and interpretability. Taking the example of medicine, it is imperative that a clinician trusts a

supportive diagnostic-related device that makes use of artificial intelligence. In that manner, if an



2 Introduction

explanation is given in the context of some specific result, if a trace or a relatively logical decision
structure is displayed, it is possible to work towards the goal of trusting the computerized output.

There are already studies dedicated to examining ways of making more transparent arrange-
ments, either by causing them to be inherently interpretable [5, 6] or by providing them with tools
that allow the provision of explanations [7,8]. This theme is still an evolving topic and over time,
new strategies and mechanisms, that are more effective in executing more perceptible and trust-
worthy configurations without compromising or residually compromising operability, will appear.

Nevertheless, there is a clear overload in unimodal efforts when compared with multimodal
ones, which exposes the lacking diversity within methodologies, in the realm of Explainable Al
(XAI). Presently, the majority of state-of-the-art interpretability algorithms provide saliency maps
that emphasize the most important elements regarding model decisions. Notwithstanding, these
saliency maps are frequently challenging to interpret, either because the explanation target con-
sumer is not an expert or because the image/saliency map and a human-understandable semantic
idea are not intuitively connected. The incorporation of multimodal data in explanations increases
its complementarity aspect, and consequently improves the likelihood of having at least one expla-
nation that the consumer understands. Such a circumstance becomes significantly indispensable
in healthcare services since adopting procedures of this sort can certainly bring advantages, as it
facilitates compliance with the industry demands. Furthermore, in this sector, there exists a natu-
ral coexistence between data of many kinds (images, text, tabular data), which creates a chance to

explore more and more differentiated ways of developing multimodal explanations.

1.2 Motivation

The growth of technology in the medical field, and more specifically, the evolution of the dig-
italization of health records allowed for a greater possibility of access and to take advantage of
large amounts of data and resources. Nowadays, it is increasingly more practical for clinicians
to consult all kinds of information with a view to improve their interventions and their diagnostic
efforts. Such expanding availability enabled a wider transversality concerning the kinds of data
that a professional can have at his hands. The opportunity to benefit from the multiple valences
and multiple knowledge sources linked with such dynamic is crucial in seeking the progress and
optimization of health-related services. Additionally, the requirement for trustworthy systems that
can provide transparency and explanations for their actions/decisions makes it of the utmost rele-
vance to address the issue of interpretability and/or explainability for medical Al apparatus with a
multimodal perspective, that is, it is fundamental to rely on data from various modalities in order
not only to increase knowledge extraction and but also to enhance the explanatory capacity of such
frameworks. This last matter naturally involves expanding the variety of obtainable explanations
in a supplementary way, i.e. the insight revealed by a visual map can and should be complemented
by a brief written reasoning paragraph.

The main motivation behind the dissertation work is, essentially, to harness this multimodal

awareness amongst medical data in order to enhance and inherently render more engaging Al
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multimodal explanations. In this fashion, it is possible to help improve diagnostic support systems

and their viable implementation in realistic clinical scenarios.

1.3 Goals

The goal of this dissertation is to increase diversity and complementarity in explanations for Ar-
tificial Intelligence systems, more specifically in Al-related medical diagnostic support systems
in radiology. The actual intent is to develop strategies for generating visual saliency map-type
explanations and natural language textual explanations that can complement each other in an Al-
related radiology classification diagnostic support context. In this manner, the complete system
can offer not only a diagnostic prediction but also two kinds of explanations that help to justify its
functioning as a whole and thus increase the likelihood of acceptance and trust by the stakeholders
- clinicians and radiologists - regarding such tools.

The overall approaches should use chest X-rays and associated radiology reports in order to
optimize the extraction of information and knowledge from the available resources and therefore

be able to contribute to the quality improving of explanations.

1.4 Contributions

The dissertation’s major contributions are disclosed within the ambit of the distinct experiments.
The initial unimodal to unimodal trials mainly enabled the consideration and comparison between
several saliency map-producing algorithms.

As a primary contribution, the assignment concerning generation of visual explanations from
multimodal inputs introduced a textual-driven regularization mechanism that demonstrated to ro-
bust and improve regular image classification tasks by bettering metric performances, and also by
ensuring more concise, consistent, less dispersed and more clinically correct saliency maps. Such
contribute led to the elaboration of a paper [9] - "Increased Robustness in Chest X-Ray Classifica-
tion Through Clinical Report-Driven Regularization" - which was accepted and presented at the
10th Iberian Conference on Pattern Recognition and Image Analysis (IbPria 2022) in May of the
present year.

The progression towards the generation of textual explanations has mostly provided solid
methodologies for producing those textual explanations from X-ray images, automatically, as well
as it handles novelty regularization adjustments that conduct to apparent slight enhancements on

the clinical relevance front.

1.5 Document’s Structure

The structure of the document comprises the following formulation: chapters 2, 3 and 4 are con-

cerned to literature review and core subjects central to the theoretical framing of the dissertation;
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chapters 5 to 7 entail the experimental work; chapter 8 finalizes the document by disclosing several
final comments.

In a more detailed overview, chapter 2 presents some basic Deep Learning principles along
with discussing their role in the fields of computer vision and natural language processing. Chap-
ter 3 gives a survey-like overview of some of the current literature on multimodal Deep Learning,
focusing on the various existing methodologies and implementations. It ends with detailed case-
based demonstrations of real multimodal approaches in healthcare and medicine. Chapter 4 is a
literature review on interpretability and explainability in machine learning. It covers taxonomy,
and different ways of making systems more interpretable or explicable, as well as discerns current
methods for generating explanations.

The experimental work pertaining to the dissertation is segmented into three parts that roughly
correspond to a chronological sequence of the project’s development as a whole, as illustrated by

Figure 1.1

Chapter 6
. . Unimodal Visual Towards Multimodal
Unimodal Explanations . .
from Unimodal data Explanations from Explanations from
Multimodal data Multimodal Data

Figure 1.1: Experimental work pipeline.

In the first set of experiments (chapter 5), the purpose was not only to study and explore
different post-model explainability techniques in order to produce saliency maps, but also to ac-
quaintance with the particularities of each image and text modalities. On that note, the plan was to
probe unimodal explanations for each modality via the execution of separate binary classification
tasks, and so reach unimodal explanations from unimodal data.

The accounted work in chapter 6 aimed to leverage a multimodal learning paradigm using
chest X-rays and their associated medical reports in a binary classification context, in such a
manner as to consider possible improvements of quality for visual explanations. Accordingly,
we reach unimodal visual explanations from multimodal data.

Chapter 7 reports on the generation of textual explanations by conditioning on the aforemen-
tioned dual modality data. Such a development becomes fundamental for the deployment of mul-

timodal explanations from multimodal data.



Chapter 2

Background: Deep Learning

Since the introduction of the world wide web, the study of data has been widely increasing thanks
to its growing availability and quantity, and for this reason, it has fully contributed to the develop-
ment of information-related technology. Areas linked to the analysis of data such as Data Mining
have seen an exponential evolution until modern days and, therefore, are prominent both in terms
of research and industry. Work involving the applicability of data processing to real-life solutions
is served, to a large extent, by the field of Machine Learning which is embodied by a brand of al-
gorithms that are able to learn patterns in sets of data without the need to be explicitly hardcoded.
This fundamental characteristic leads to an adaptive and modeling behavior, which is extremely

convenient concerning the objectives set by these methodologies.

A basic procedure across all involved practices is to split the set into two components, one
for training the algorithm and one for testing it. The logical sequence of these phases implies
that, firstly, it is needed to train the system, offering it data with which it infers the reading of
patterns. Then to test, a group of independent and identically distributed data, never provided
before to the model, is made available, to evaluate, with defined metrics, how the latter has learned
the representations of the patterns in vogue. These metrics vary depending on the objective of
the work being promoted. As an example, in the context of a classification problem, where it is
intended for a category to be defined for a given input, a coherent metric would be to compare its

actual label with that predicted by the system in use.

The current ML panorama is dominated by the term Deep Learning. DL is a subspace within
ML that unlike typical machine learning approaches, which need feature extraction to be done
independently of the learning process, can pick up what features to obtain given a specific task.
This integrated configuration more often translates into superior results and performance across a
wide range of domains, hence its recent popularity [10, 11].

The fundamental proposition that lies at the heart of Deep Learning is the concept of Artificial
Neural Network (ANN). An ANN is a Machine Learning model that attempts to replicate the
basic communication structure of our human brain. It is composed of units that mimic neurons
and by connections between them that are conceived to emulate synapses and the intricacies of

neural interactions. Combining these building blocks the most basic form of a neural network, the
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Perceptron, can be created, as described by Figure 2.1. In it, three inputs (x1, x2, x3) are fed into
the neuron N that linearly combines them with its respective weights (w1, w2, w3) while adding a
constant value, bias. That end product is then mapped into an output y via an activation function,
h.

bias

Figure 2.1: Perceptron.

Figure 2.1 can also be expressed mathematically via Equation 2.1, and so there is a base for-
mulation to explore. In an ANN context where the primary structure is replicated and surrounded
by higher architectural complexity, such as in biological conditions, the output is passed through
the aforementioned activation function, also h in Equation 2.1, which re-scales it conforming to
the function’s body. This operation primarily exists to assist the network in learning intricate pat-
terns, and so it helps in the training of the concerned models. It is also significant to state that the
activation function has the capacity to inject non-linearity into the system, providing the ability

for a neural network to convey complexity non-linearity.

n
y=h(} xixw;i+D) (2.1)
i=0

Examples of regularly used activation functions are as follows [12]:

Sigmoid: This function returns a value ranging from 0 to 1, which can be mapped as a prob-
ability. Since its derivative is never greater than one, an issue known as vanishing gradients is
frequently caused during network training - the gradients grow so tiny that they are almost zero,
preventing the unit from optimizing the values of its weights. Due to that, it is usually only used

as the final output activation function.

1

) =170

2.2)

Hyperbolic Tangent (Tanh): 1t resembles the sigmoid function. However, it produces a value
between -1 and 1, and it is centered around zero, resulting in larger gradients within the [0, 1]

range. The vanishing gradient is also revealed as an existing problem.
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.K@ZTI;gfl (2.3)

Softmax: The function is also used to make a probability distribution out of a set of real values
and the assigned output ranges between 0 and 1. It simply differs from the Sigmoid at context

level, since it is the latter’s application in a multivariate setting.

ex

= Zj ez

f(x) 2.4
Rectified Linear Unit (ReLU): For this function, negative inputs translate to null gradients. In
opposition, positive inputs get unitary gradients. The non-activation of units with negative values

can cause the known issue, dead ReLLU.

_)x, if x>0
f@%—{a ngo} (2.5)

Leaky Rectified Linear Unit (Leaky ReLU): The creation of this function emerged to remedy
the dead ReLU issue. In this case, for negative inputs, a linear function with a slight slope is

employed, enabling minor negative gradients to modify the unit’s weights.

) x, if x>0
f(x)_{ax, ifoO} 26)

Graphic representations of aforementioned functions are prompted in Figure 2.2

For what can be called DL purposes, and as hinted before, deep neural networks require that
multiple perceptrons organize themselves in a consecutive and transverse manner, in such a fash-
ion that the whole constructed architecture can be defined by various layers. Thus, the handling of
layering and network design depends on the problem to be tackled and on the subsequent experi-
mentation.

Reflecting on the adaptive capacity of these models, it is by updating its internal settings, that a
feed-forward neural network alters and improves itself. This translates into a change in the values
of the weights (w in Figure 2.1) of the network in question. The standard way to guarantee such
an update is achievable by what is called the backpropagation algorithm. This technique is divided
into two phases: the forward phase, in which the network propagates signals from the input layer to
the output layer in a forward direction, and the backward phase, in which the network propagates
gradients that will be used to update the weights of the units in a backward fashion.

Regarding the forward pass, each node in an ANN gets its input from the preceding layer,

which is a weighted sum of the weights at each of the connections multiplied by the output of the
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/— ﬁ
(a) Sigmoid/Softmax. (b) Tanh.
(c) ReLLU. (d) Leaky ReL.U.

Figure 2.2: Activation Function Graphs.

previous layer. This weighted total is supplied to an activation function, and the result is the output
for a specific node, which is subsequently passed as part of the input for the nodes in the following

layer. This occurs for each layer in the network until we reach the output.

An essential aspect pertaining to the whole training stage is the procedure of studying the dif-
ference between what the model anticipated for a given input and what the provided input is in
reality. This analysis is quantified by the computation of the loss value which is no more than a
measurement of this disparity. There exist a variety of diverse functions that perform the compu-
tation, and so the choice of its use will also vary with the overall scope of the problem at hand.
Janocha et al. [13] reflect and contemplate on some of the most familiar loss functions. Said calcu-
lation is concluded for every sample in a training set. When the end of the training set is reached,
an "epoch" has been finalized and the abovementioned difference measure is attained via the loss
function. Then, in the backward phase, the loss is minimized using an optimization algorithm.
The gradients from the loss with respect to each of the weights in the model are computed. These

gradients permit the optimizer to reach new weights and update them.

The mentioned optimization algorithm is a pre-defined algorithm or formulation that attempts
to find a loss function minimum. Although there exist multiple optimization approaches, as ex-
plored in [14], the standard procedure from where a lot of the modern optimizers originated is the

stochastic gradient descent.
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2.1 Computer Vision

Computer vision (CV) is an Artificial Intelligence branch that aims at developing and deploying
digital systems that can process, assess, and interpret visual inputs (image and video). There are
plenty of tasks and sub-domains that fall under the CV category, from image classification to
object detection, video tracking, and others.

Throughout recent years, deep learning and deep neural networks have been essential for the
growth of the field. On that matter, the next subsections delve into some of the most prominent

types of models in CV.

2.1.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are still state-of-the-art DNNs for assignments that in-
volve working with multidimensional data, including images. Thus, they are a widely used tool
in computer vision, especially when discussing computer vision through a lens of deep learning
strategies. They are rooted in two types of particular operations: convolution and pooling. The
alternate use of both operations is combined in various ways, depending on the conformed archi-
tecture, but typically, the goal is to identify and extract patterns or features at the layer level. These
may be reckoned as simple features, at the beginning - recognizable edges or lines in an image -
but as a network broadens, there is an increasing integration and combination of calculations on
such elements, which are then decoded to represent more complex patterns and properties within
the analyzed inputs. Between the mentioned operations there is always an activation function
that alters the convolution end product for pooling. Convolutional Neural Networks employ the
conventional and transversal DNN methodologies for training instances, and therefore resort to
optimizers for minimizing the associated loss function(s) and to backpropagation for updating its
weights.

Over the years, since the relatively recent growth of deep learning, various architectures have
been developed with this mindset of improving and enhancing this functionality of information
extraction and conservation. According to the current status quo, these architectures are usually
introduced to the AI community and so, they can be widely used by the professionals that work
in the area. Networks like VGG [15], DenseNet [16], ResNet [17], or U-nets [18] are part of such
catalogue and are naturally found in the most distinctive research papers across the CV realm.
Moreover, it is relatively simple for any participant in the field to have access to particular model
designs, that are pre-trained in several types of visual domains, which makes a convergence in

training increasingly attainable, optimal, and robust.

Figure 2.3 serves to show how a simple sequential structure of a CNN would be organized.
Even though it details the number of parameters to optimize for such projection and respective
magnitudes, the important portion attains the arrangement. In a complementary manner, the fol-
lowing subsubsections serve to dive into more detailed descriptions of the concrete operations and

layers connected to CNNss.
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Layer (type) Output Shape Param #
Conv2d-1 [-1, 32, 222, 222] 896
RelU-2 [-1, 32, 222, 222] @
MaxPool2d-3 [-1, 32, 111, 111] 8
Conv2d-4 [-1, 32, 189, 109] 9,248
RelU-5 [-1, 32, 189, 1@9] 8
MaxPool2d-6 [-1, 32, 54, 54] 8
Conv2d-7 [-1, 64, 52, 52] 18,496
RelU-8 [-1, 64, 52, 52] 8
MaxPool2d-9 [-1, 64, 26, 26] e
Flatten-10 [-1, 43264] e
Linear-11 -1, 64] 2,768,960
RelU-12 -1, 64] o
Dropout-13 [-1, 64] 2]
Linear-14 [-1, 2] 138
Total params: 2,797,730
Trainable params: 2,797,730
Hon-trainable params: @
Input size (MB): @.57
Forward/backward pass size (MB): 36.89

Params size (MB): 10.67
Estimated Total Size (MB): 48.13

Figure 2.3: Simple CNN structure.

2.1.1.1 Fully connected layer

Fully connected (FC) layers or dense layers are the most basic or fundamental layer of any artificial

neuronal network, and consequently, any DNN. It connects the neurons of one layer with those

of the previous one and represents the combination of all perceptrons that materialize at the same

level. Figure 2.4 illustrates a simple neural network with two fully connected layers, and so there

is a demonstration of the inherent essential relationships/activities.
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Figure 2.4: Simple ANN with two fully connected layers. Extracted from https://cs231n.github.
io/convolutional-networks/ (Accessed on 01-01-2022).

In a CNN setup, these layers are normally applied at the end for the purpose of translating the

last defined representations into a decision or classification. Nevertheless, they can also be used in

other segments to reduce or increase dimensionality.
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2.1.1.2 Convolutional layer

The convolutional layer is deemed as the building block of a CNN. Rather than handling an image
at an individual pixel stage, as a regular DNN would, the first convolutional layer implies an
area-driven technique, that allows for parameter sharing, therefore avoiding a substantial amount
of gradient assessment, and thereupon computations. Such mechanics are reproduced across the
many convolutional layers, resulting in a hierarchical structure that concentrates on learning low-
level features in early phases and that withdraws higher-level ones as the layers add up. The
applied transformation - convolution - resolves in the creation of feature maps that are aggregated
on top of each other, throughout the natural sequence of the model and rendered in Figure 2.5a.
In these, the main actors are the filters or kernels. Commonly smaller than the input image, they
behave as sliding windows that glide over the input object, computing the dot product between its
values and the corresponding overlapping image pixels. Such procedure is shown in Figure 2.5b,
where also it is possible to notice that the results of each sliding calculation f1 and 2, are annexed
in order to form the so-called feature map. Figure 2.5b also provides further information as it
implies an iteration where a 3x3 filter moves with a stride of 1 across a 6x6 representation, that
can either be the initial treated image, or, in a more advanced step of the CNN, a previous feature

map.

depth Input Feature Map Input Feature Map
T height
QOQO!
= * @oooo -~ L - ST
width fl f1|f

|:> ! ]

(a) Typical CNN architecture. Extracted
from https://cs231ln.github.

io/convolutional-networks/ . .
(Accessed on 01-01-2022). (b) Convolution operation

Figure 2.5: CNN and convolutional layer.

So far an instance of downsampling has been advocated, but the truth is that there are ways to
exert the convolution as an upsampling resolution, or even maintain the intake’s size. Resorting to

the preceding padding of the latter it is practicable to achieve such effects.

2.1.1.3 Pooling layer

A pooling layer operation happens after the convolution process and is used as a downsampling
function since it transmutes the information of the entity on which it exercises to a compressed
representation with a smaller dimension. By, once again, manipulating a sliding window dynam-
ically, an operation (often an average or maximum) is applied to the set of values that match the
window position. Looking at the example of Figure 2.6, we have a 2x2 window slithering over a

4x4 input, with a step (stride) equal to 2, producing a 2x2 compact matrix.


https://cs231n.github.io/convolutional-networks/
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Max pool

\ 4

Figure 2.6: Max pooling operation.

2.1.2 Other Neural Networks

Numerous other neural network conformations can be included and employed for computer vision
applications. Examples of such are capsule networks [19], vision transformers [20], or generative
models [21]. For the sake of being more concise and contained in the description of existing
ANNS for computer vision, and denoting that the Transformer is covered in the NLP section, only
generative models will be lightly further detailed, since they probably allude to the most research
work, in the field, after CNNs.

2.1.2.1 Generative Models

Generative models, as the name implies, generate samples from some determined inputs. This
function is, generally, achieved by learning probabilistic data distributions, which according to the
goal of these frameworks, can lead to the generation of outputs that, ideally, fall within the spec-
trum of such distribution. These models use recognized/learned information patterns to produce
new instances.

Generative approaches are developed around the concept of maximum likelihood estimation
(MLE). Simply put, maximum likelihood estimation is the method of defining model parameters
that maximize the training data’s likelihood. It can be formulated by virtue of Equation 2.7, where

0 is the model’s parameters and x is the data itself.

m
Our, = argmax| [ px (x1|©) 2.7)

i=1
The way that a system learns the data distribution for applying such MLE vision is what
differentiates them. Consequently, it is also what helps to build a generative model taxonomy.
Goodfellow et al. [21] delineate a pretty robust taxonomy by dividing approaches into explicit and
implicit density models. Explicit density models define themselves as systems that can explicitly

describe the data distribution and, consequently can maximize the likelihood estimation directly.
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On the opposite side, implicit density models are apparatus that can extract samples from a prob-
ability distribution without explicitly reporting it. Table 2.1 displays such taxonomy, as it also

entails a brief description of how these types of models model probability.

Table 2.1: Overview of Deep Generative Models.

Model Taxonomy Description

Generative Ad- Implicit The probability distribution of the created data converges to the real
versarial Model data distribution as the generator and discriminator elements play an
(GAN) adversarial minimax game.

Variational Au- Explicit The encoder-decoder design of the model intends to maximize the like-
toencoder lihood of data. The encoder transforms an initial input, x into an abstract

latent space z by modeling p(zlx), and the decoder approximates an out-
put y via maximizing p(ylz), reconstructing that z latent representation.

Normalising Flow Explicit Calculates the data’s joint distribution by multiplying the conditional
distributions of each data dimension space.

Autoregressive  Explicit Converts a straightforward data distribution into a more sophisticated

Model one by means of a sequence of transformations.

The most notable generative systems within the DL spectrum, in recent times, are, most likely,
Generative Adversarial Networks (GANs). GANs are a type of deep generative neural network
that uses adversarial learning as the main instrument to learn data behaviour [21]. Its generative
nature gives an important capacity as an unsupervised learning method. In terms of structure, a
GAN is made up of two sub-networks, a generator, and a discriminator, the actors in the adversar-
ial interaction that fuels the learning process. The generator is responsible for creating artificial
samples from random noise, and the discriminator compares real data with the outputs of the
generator and affects a decision on whether the last belongs to a real data class or is a falsification.

The adversarial aspect reveals itself when analyzing Equation 2.8 and its framing as the stan-

dard loss calculation for such implementation.

mcz;n mng(D, G) = Eypyanl0gD(x)] + E,, -y [log(1 — D(G(z)))] (2.8)

Considering that G stands for generator, z for noise, D for discriminator, and that p, and py
imply the generated samples distribution and the real data distribution respectively, it is perceiv-
able that both entities are opposing each other in a min-max game. The generator attempts to
minimize the loss function V and consequently tries to fool the discriminator into taking the input
constructed from z as real instances, whereas the discriminator works towards maximizing the

disparity between its inputs.

2.2 Natural Language Processing

Natural Language Processing (NLP) is an extremely broad topic that can be approached in a num-

ber of ways, taking into account the context and task at hand. Either way, the term can be defined
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as a field of research that focuses on investigating how computers can work and manipulate text in
such a way that they can replicate human-like capabilities in a variety of applications [22-24].
NLP encompasses two often dissociated terms: Natural Language Understanding (NLU) and
Natural Language Generation (NLG) [25]. NLU is generally related to the syntactic and seman-
tic analysis of text and speech so as to establish the meaning of a sentence [26]. On the other
side of the spectrum, NLG builds on semantics as a means of generating human-readable and

understandable text [27].

Table 2.2 lists and describes a number of common tasks related to the NLP field of study.

Table 2.2: Common NLP tasks.

Task Description

Text Classification To label a text sequence input [28].

Language Modeling The technique of implementing a model to forecast words or simple
linguistic components based on prior elements [29].

Summarization A method for extracting a brief and understandable summary of text

from an array of sources [30].

Question and Answering A task which is to find a concise and precise responses to an user’s
input via enabling the learning of representations of the interaction
between questions and texts [31].

Machine Translation The exercise of automatically translating content from one language
to another [32].
Sentiment Analysis Refers to systems that extract and analyse emotional states and sub-

jective information from a text object [33].
Named Entity Recognition Responsible for recognizing and classifying important information

(NER) (entities) in text as in excerpting piece of a category from which each
word in the sequence belongs to [34].
Image Captioning Aims at generating a caption for an image input [35].

Arguably, the most commonly adopted systems in NLP studies and experiments are RNNs
(Recurrent Neural Networks), LSTMs (Long short-term memory), GRUs (Gated Recurrent Units),
and more recently Transformer based models. These solutions are further discussed in the subse-

quent sections.

2.2.1 Recurrent Neural Networks

Recurrent Neural Networks or RNNs are deep neural networks designed to deal with sequential
data, i.e time associated information, video, and natural text. These models must have an abstract
concept of sequential memory, which is achievable because an RNN has a looping mechanism
that acts as an unfolding that grants information to follow a flow across certain steps or time steps,
according to its sequential input configuration [36]. To make sense of this, it is useful to observe
Figure 2.7. The textual inputs are consecutively fed into the fundamental units of these systems
and converted to hidden states, h;, at distinct time steps. Given the first one, the RNN encodes the
word "How" and generates an output O;. At time step two, the input “time” and the hidden state

from the previous stage are supplied to hy, which, in this way, encompasses information on both
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terms. The apparatus is replicated throughout the remaining steps. It appears that, by the final one,

the RNN has encoded information from all the words.

o, o, o, o, o,

00

Figure 2.7: RNN basic structure.

For a classification intent, only the final output Os would be utilized, since it is the one that

results from the series’ aggregated knowledge [36].

Figure 2.7 also addresses a key aspect related to such DNNs. The color gradient is meant to
express a known issue with RNN’s - short-term memory. Short-term memory is reflected in the
difficulty of the network to contain information over a relatively long sequence. As is noteworthy,
the representation of the word "How" in the last hidden state is already highly reduced. With a
few more iterations, it would completely disappear. Such phenomena are caused by the aforemen-

tioned vanishing gradients problematic that is linked to the backpropagation phase during training.

On a final look, Figure 2.8 unravels what happens inside an RNN cell. The hidden state
coming from the previous cell is concatenated with the input of the current cell and the resultant
vector is passed through an activation function (traditionally tanh) [36]. Exiting the cell are already

discussed entities.

Figure 2.8: RNN cell.
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2.2.2 LSTM and GRU

LSTM (Long short-term memory) and GRUs (Gated Recurrent Units) were developed to try to
combat short-term memory. They feature inbuilt devices known as gates that may control the
flow of data. The control flows of an LSTM and a GRU are comparable to that of an RNN.
They process data and transmit information as the signal moves along. The difference resides in
the internal structures of LSTM and GRU cells, which can be quite more complex. The internal
contrivances function in a gate-like manner.

Figure 2.9 introduces both types of cells in fair detail. The red and orange circles respectively
represent sigmoid and tanh activation functions, and the "X" and "+" blocks express pointwise
multiplication and addition, correspondingly. The mirrored gates implement the information flow
in agreement with the logical reasoning behind these systems. Their high-level rationale works
towards retaining only relevant data while discarding the rest [37]. On that note, the gates need
to figure out which entries in an input sequence should be kept and which should be dismissed,

across the various internal routes.

Forget Gate Cell state Reset Gate

A 2 D

cellet To o o

Input Gate Update Gate hey Update Gate

(a) LSTM unit cell. (b) GRU unit cell.

Figure 2.9: LSTM and GRU unit cells.

Focusing on the LSTM framework (Figure 2.9a), there are two main agents: the cell state (c;)
and the gates. The cell state serves as a transit route for meaningful information as it goes deeper
into the circuit. While such trail is traversed, information is added or withdrawn from the cell state
through gate action [37]. Performing as the forget gate, the sigmoid function regulates the activity
of the concatenation of knowledge from the past hidden state h¢.; and from the current input h.
The applied activation can go from O to 1, whereby the closer to O, the bigger the "forgetting"
factor, and the closer to 1, the more the network "remembers". The next phase regards the input
gate that replicates its adjacent gate’s operation as it also forces the same representation to pass
through the tanh activation function, so as to multiply both outcomes. This stage is stated to induce
some regularization [37]. On the output gate, there’s a multiplication of the activated cell state and
a sigmoid adjustment. The result follows as the representation of this’ cell hidden state (output for
the final unit), whereas the cell state is also transferred to the next building block [37].

The GRU arrangement, outlined in Figure 2.9b, was built from the LSTM framing. In this

case cell states are abandoned in favor of only using the concealed state to convey the information
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stream. Two gates regulate the implied processing: the reset gate, and the update gate [38]. The
update gate forges a reproduction of an LSTM’s forget and input gates [38]. It determines what
information should be discarded and what should be included for circulation [38]. The reset gate
intuition centers on how much previous knowledge to select or forget for the latter final step. Here,
a new "1-" operation term is established. The definitive differentiate factor for GRUs is the fact

that only exist a hidden state as a yielded product.

2.2.3 Transformer Based Models

Since the publication of [39], transformer-based models have dominated the state-of-the-art across
nearly all text-related tasks. Their ability to establish relationships between far apart words and
retain knowledge about context is unmatched by all other models used until then. It is, thus, much
more capable of analyzing larger sequences than, for example, LSTMS or GRUs.

The transformer’s framework is detailed by Figure 2.10. Firstly, at a high-level observation,
two main components are to be noted: the encoder and the decoder. Both are actually render-
ing a variable size ("Nx") stack of encoders and decoders, respectively. The encoder blocks are
structurally equivalent to each other and are composed of three types of sub-layers: multi-head

self-attention layer, feed-forward or fully connected layer, and normalization layer.
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Figure 2.10: The Transformer model architecture from [39].

The self-attention mechanism, in a general and superficial overview, allows the model to
glance at various positions in a sequence, while encoding each word, in such a way that is able to
pick up clues that help optimize that same encoding. In other words, it is capable of identifying
other relevant words to the one that is being treated at said moment. On a deeper perception, such

functionality is achieved thanks to the ensuing successive steps:
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* Primarily and discerning on Figure 2.11, the encoder’s input embeddings are individually

mapped into a query vector, a key vector, and a value vector via multiplying them with

weight matrices.

Input Talking To
Embedding  x, [ [ [ T[] x [T 1]
Querry o CTT1 e« [T

Key Ky K, |
Value vi [ 1] v [ [ 1]
Score q;- Ky ;- ky
Division %5 L
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Softmax 0.90 0.10
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Figure 2.11: Representation of a self attention procedure.

Secondly, a score is calculated for each instance for the sake of defining a magnitude for the
attention allocation. It is computed by exercising the dot product of the query vector with

the key vector. Granted that effort, a score metric per word relationship is created.

The third and fourth stages revolve around dividing the scores by the square root of the key
vectors’ size, which according to [39] leads to more stable gradients, and normalizing those

values with the help of a softmax operation.

On the fifth step, each value vector is multiplied with the matching "softmaxed" score, pro-
vided the idea of preserving the values of the word(s) we wish to focus on while drowning

out unnecessary ones.

The sixth and final phase consists of adding up the weighted value vectors. The consequent
vector is considered the output of the self-attention regime. As is, it ensues its way to the

feed-forward network constituent.
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In a multi-headed panorama, this whole process is scaled up to a matrix configuration, where

the dimensions are elevated in consonance with the number of heads.

The previous process leads to the example illustrated in Figure 2.12, where it is possible to

track the inter-word associations and their significance, for a certain input sentence.

Layer.| 5 3| Attention:| Input - Input $

|
The_ The_
animal_ animal_
didn_ didn_
t_ i
cross_ Cross_
the_ the_
street_ street_
because_ because_
it_ > it
was_ was
too_ too_
tire tire
d d

Figure 2.12: Word relationship as computed by a self attention framework. Extracted from https://
jalammar.github.io/illustrated-transformer/ (Accessed on 04-01-2022).

Another important transformer contrivance to denote is the positional encoding strategy. The
positional encoding is a key instrument for supplying a tactic of accounting for word order in the
input sample. It comprises of adding vectors that reflect a learnable particular pattern to each input
representation so as to assist in resolving every word relative location in the sequence. Such prac-
tice is supposed to deliver meaningful distance concepts between the embeddings whenever they
are projected into the query, key, value tensors, and throughout the entirety of the self-attention

procedure [39].

The encoder-decoder interaction is produced by the passage of the top encoder’s key and value
representations to the decoder second attention layer. The vectors are seemingly meant to aid the
decoder in converging to the essential position in the output sequence. It is this first communication
that generates the first output of the decoder block, which is then used to generate the subsequent
outcome. Such process is monitored until the end of the exercise and is cataloged in Figure 2.10
as "OQutput (shifted right)".

The decoder’s masked self-attention layer differs slightly from the encoder one. Here, only the
outputs already revealed to the system, at the given time step, are employed, whilst the remaining
sequence positions are masked. The ensuing multi-head attention arrangement operates just like its
encoder counterpart, despite benefiting from the encoder’s value and key tensors. In this manner,

it only creates a queries matrix.

The final linear and softmax layers are in charge of outlining the decoder stack production
into a probability-defined output vector that announces each learned word. Taking a fictitious

example, if a trained transformer model is up to learning a 10000 words vocabulary, its final result
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will be a 10000 sized unidimensional tensor that describes the vocabulary probabilities of being
the predicted word at said time stage.

For a final remark on the transformer analysis, the residual connections that follow each sub-
layer and the normalization ones are not to be overlooked, since they are argued to induce greater
training stability and regularization [39].

Nowadays, the two most acclaimed and proven families of Transformer-based models used
in state-of-the-art experiments are BERT and GPT. BERT stands for bidirectional encoder repre-
sentations from Transformers and it bases itself on a stacked batch of Transformer encoder struc-
tures [40]. BERT models are usually pre-trained with various methodologies with different tasks
in mind. Nevertheless, there are two pre-training approaches specific to the base BERT. The bidi-
rectional paradigm stems from a "masked language modeling" pre-training task where 15% of the
input tokens are randomly masked, and the model by having access to the remaining tokens, from
left to right and from right to left, predicts the masked inputs. Additionally, the pre-training pro-
cess also applies to what is called a two-sentence task where given two sentences, BERT predicts
the likelihood of one of the sentences belonging after the other and vice versa.

On the other hand, GPT (generative pre-training) language models are essentially built on
stacked transformer decoder blocks [41] and are generally conditioned on several large-sized cor-

pus and vast amounts of data.

2.3 Conclusion

After a broad overview, it is noticeable that there is a myriad of typologies and models present
in both computer vision activities and NLP ventures. Nevertheless, there exists also, inherently, a
more selective group of approaches, which due to their greater performances and/or reproducible
deployment, are more widely used and make up what is often called the state of the art. For
computer vision, CNN-based models continue to be at the forefront of the work being accom-
plished. For example, in classification tasks, ResNet and DenseNet frameworks are widely used
as benchmarks or baselines, whether, for more specific assignments there are other architectures
which are adapted to each reality and circumstance, such as R-CNN [42] and YOLO [43] for ob-
ject detection or U-Net for segmentation exercises. Even for prevailing generative efforts, namely
StyleGAN [44] and VQGAN [45], the convolutional paradigm remains at the core of the imple-
mentations.

Regarding NLP, the state-of-the-art techniques and systems may vary from task to task. Notwith-
standing, nowadays across most, Transformer-like algorithms (in an encoder-only setup, in a
decoder-only arrangement, or applying both sub-structures of the Transformer) are the most com-
mon instances to address challenges. Considering classification, sentiment analysis, or NER ex-
ercises, BERT-like models as, certainly, BERT, DistilBERT, or RoOBERTa [46] are very popular,
whilst for generative readings or machine translation, GPT-like models predominate. On account
of Language modeling, question and answering, and summarization problems often an encoder-

decoder guideline is involved.



Chapter 3

Literature Review: Multimodal

Learning

The concept of modality invokes a group with certain characteristics. When referring to data, it
addresses certain conditions that define the data type in a specific way. Information may be textual,
as may be an image, or an audio signal, each representing a different modality. Now, transferring
this concept to the ML and/or DL universe, the focus is precisely on the modality of the data to
be treated and handled. In this sense, a multimodal approach implies solutions integrating data of
different domains.

Multimodal Deep Learning has evolved more and more until the present day and thus contem-
plates more and more manners and configurations to manage and link data from several modalities.
Tasks such as multimodal emotion recognition [47], video and image captioning [35,48], Audio-
visual speech recognition [49], multimedia retrieval [50] are examples of current multimodal Deep

Learning advancements and tendencies.

3.1 Multimodal Representation

Data representation is an essential exercise within any ML/DL setup. In fact, it is essential to make
the most of it, so that the implemented algorithms can draw the greatest amount of knowledge
possible in the most effective way, in contemplation of a proposed challenge. The terms feature
and representation are used interchangeably and abundantly, taking into account the relevance
of this more abstract perception. In a practical fashion, the attribution is made to a vector or
tensor representation of an item, regardless of origin and form. A multimodal representation is
one that uses information from different nature and combines them, mathematically, in pursuance
of settling on an aggregate and feasible reproduction. This effort might not be always trivial,
since there are numerous mishaps across the spectrum in question, such as the diversity of noise
perpetuated by various sources, the choice of the aggregation function itself, dealing with the
incumbent loss of meaning inherent to the initial inputs, and others [51]. Anyhow, the capacity to

describe data in a meaningful way is absolutely critical.

21
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According to Bengio et al. [52] good representations are usually associated with traits such as
temporal and spatial coherence, smoothness, sparsity, and natural grouping. No less important, and
possibly more generally intuitive is the assertion that similarity in the representation space should
reflect the similarity of the corresponding concepts, as depicted by Srivastava et al. [53]. Moreover,
such work additionally identifies properties like: the accessibility of obtaining representations even
if some modalities are missing, and the possibility to fill in missing modalities given the observed

ones.

In [51] there is an important distinction to report, which differentiates multimodal represen-
tations into two scopes: joint and coordinated. Joint representations encompass unimodal signals
into a single representation space, whereas the coordinated manner analyzes unimodal tokens
individually but applies similarity constraints in order to cluster them together in a so-called coor-
dinated space. The work of Guo et al. [54] expands on the categorization and underlines encoder-

decoder strategies should also embody a representation mechanism.

3.1.1 Joint Representation

Joint representations are typically utilized in scenarios where multimodal data is present during
both the training and inference phases. They attempt to project separate unimodal representations
into a shared semantic dimension, where the information is merged, in such a manner that the
initial heterogeneity gap is extinct [54]. A simple concatenation of the separate modality fea-
tures, also assigned as early fusion [55, 56] is the broadest, most direct proposition. As shown
in Fig 3.1, each encoded modality is mapped onto a common latent space, where they coalesce
into a single vector. Subsequent to the junction, there comes the pass responsible for effecting the
blending operation, where the altered modality-specific vectors are combined. This attribution is
reported in Equation 3.1, where y is the output, h typifies the activation function, x exemplifies the
modality-specific encoding, w represents the respective weights, and the subscript indexes indicate

the distinct categories. For demonstration purposes, practicable bias terms are ignored.

y=h(xiwi + ...+ x,wy) (3.1

In DL, the natural disposition of DNNs enforces a tendency of using the ultimate or penulti-
mate layers to perform such operation, as it is conjectured that each succeeding layer is thought to
describe the data in an increasing abstraction fashion [57]. The combined tensor is then routed via
n-hidden layers or directly employed on the task [58,59]. It is also frequent to encounter unsu-
pervised appeals that resort to such fusion after extracting latent individual reproductions, largely
thanks to the use of autoencoders [60, 61].

The main benefits of neural network-based joint representations, as stated in [51] come from
typically producing greater performances and its suitability in unsupervised scenarios. On another

note, [54] points out the regularly simpler implementation when compared to other frameworks,
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Figure 3.1: Illustration of a joint representation.

since there’s no need for categorical coordination. For the authors of [62] the acquired modality-
invariant characteristic of such layout conveys itself as an advantage because it implies a facilitated
aid knowledge movement. In relation to drawbacks, the overall and comprehensive critique leans
on the incapability, demonstrated by this procedure, to infer different representations for each
modality.

In terms of employment, it is of notice to remark some requisitions of the discussed mechanism

in event detection [63], emotion recognition [64], video classification [65], among others.

3.1.2 Coordinated Representation

A coordinated representation, such as manifested in Fig 3.2, is another form of multimodal learn-
ing. Instead of learning representations in a shared subspace, it reflects a coordinated system that
learns independent but interconnected representations for each modality while adhering to certain
constrains [51]. These restrictions address relational concepts between representations and are
often divided into two classes: cross-modal similarity and cross-modal correlation. Cross-modal
similarity-based methodologies seek to explore similarities by computing distances between inter-
model latent subspaces [66], while cross-modal correlation strategies focus on correlation metrics
across the same [67].

Cross-modal similarity algorithms try to maintain the inter-modality and intra-modality sim-
ilarity formation, which renders the attempt of approximating diversely expressed data if they
convey alike semantics. For example, the distance between the word "dog" and an image of a dog
should be promoted to be less than the distance between the word "dog" and an image of a clothing
item [68]. The inverse logic is clearly justified in cases where the aim is to maximize the distance
among concepts. These procedures happen at the time of loss calculation, as it is intended to opti-
mize the supposed relationships and for this end, the construction of a loss function is dependent

on the desired constraints and results. Cross-modal ranking and derivative techniques are broadly
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Figure 3.2: Illustration of a coordinated representation.

used [69-71]. The starting point of such methodologies usually points to the margin rank loss,
presented in [72] and exemplified in Equation 3.2. In it, v and t ponder different modalities (visual
and textual, for the case), a exemplifies a margin, S represents the similarity measurement, and

the - subscript intends to identify the unmatched vector embeddings.

rankLoss =YY max(0,0t — S(v,1) +S(v,t 7))+ Y Y max(0,a —S(t,v) +S(t,v"))  (32)

v ot

Other extensively utilized routines are established from the Euclidian distance idea. In this
category, the standard technique relies on simply reducing the distance between paired sam-
ples [73,74]. Granted the effort formulated in [74], it seeks to learn a visual-semantic embed-
ding that could be utilized to produce video descriptions. Thereupon, the projection of both rep-
resentations onto a low-dimensional space operates toward reducing the distance between them
and ensures that the semantics of visual embeddings are consistent with their textual counterparts.
Equation 3.3 accounts for such circumstance in a mathematical fashion, where V entails the vector
representation and the v and t indexes advert to visual and text feature subspaces. The identifica-

tion of modalities is purely exemplificative.

distance = Z IV, — Vi ? (3.3)
(vt)

In light of and building on the distance premise, there are methodologies like cross-modal
matching [75] which try to minimize the modality gap of matched data by reducing the difference
of hidden representations across all layers while trying to maintain some form of intra-modality

structure of similarity.
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When compared to alternative frameworks, coordinated mechanisms tend to maintain the
unique and valuable modality-specific traits notwithstanding the multimodality purpose, which,
in an ample number of circumstances can be seen as an advantage [76]. Moreover, the separate
inference process assists transfer learning when required. In contrast, the biggest downside con-
siders the limitations and difficulties connected to learning representations with more than two
modalities, as it seems that the larger the number of modalities to encompass, the more difficult it
is to guarantee a viable transfer of knowledge [54].

Application-wise, illustrations such as cross-modal retrieval [77-79] and image captioning [80]
make use of this coordinated learning mechanism to prove their cases and proposals. Furthermore,
there is also a motivating idea that coordinated representations may be engaged for cross-domain
transfer learning, normally as a means of reducing the need for labeled data to some extent. For
instance, [81] suggests training a couple of networks, each for a certain domain, and coordinat-
ing them by reducing the maximum mean discrepancy metric between the addressed datasets to

transfer information from one to the other.

3.1.3 Encoder-Decoder

The encoder-decoder paradigm, in a multimodal framework, functions as a mapping performance
that transforms a certain modality input into an output with a distinct one [82, 83]. Figure 3.3
depicts such a procedure. The initial representation is encoded into an abstract high-level concept
that suggests unraveling or decoding into a product of a dissimilar type. These two oncoming
actions are respectively perpetrated by two main incorporated elements: the encoder, and the

decoder.

Figure 3.3: Illustration of a encoder-decoder representation.

The majority of encoder-decoder systems apply one overall conversion. Besides that, there
exist reports of the usage of configurations that include several encoders or decoders. In [84],

the discussed visual question and answering (VQA) model relies on a gate attention system that
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encodes two different modalities (text and image) and enforces a replicated decoding phase in
which both embeddings are tackled by separate decoders. As another example, the authors of [85]
present a model that uses a single encoder to conceal a musical audio signal and multiple decoders

to convert it into music across musical instruments, since each decoder has an intended domain.

Resolving into a mathematical standpoint and given an image/video to text transformation, the

generalized learning aim of encoder-decoder models can be expressed as follows:

®* = argmax Z logp(T|V;0) (3.4)
(v.1)

The expression maximizes the log-likelihood of the textual target, T, granted the visual intake,
V, and the model’s parameters 6. Providing such equation and Figure 3.3, it could be argued that
the encoder-decoder latent vector appears to be related just to the supplier pattern, but in reality,
it is tightly linked to both source and target modalities. This duality is driven by the fact that
the encoder is led by the decoder during training since the error correction signal flows from the
decoder to its counterpart. As a result, the produced subspace tends to incorporate both modalities’

common semantics.

Making use of an image captioning task [86], the image contributions encapsulate an arrange-
ment of information that, somehow, has to surpass the outcome as text. These can include patterns,
objects, colors, background, and spatial organization. The encoder is responsible for correctly re-
taining the features, and the decoder accounts for reasoning high-level semantic content and so
creating the caption. A prominent and standard way to seize the shared semantics more effectively

is to enforce regularization terms [87, 88].

More distinct approaches as [8§9] implement a hybrid methodology by reducing the representa-
tion discrepancy (often the case in coordinated circumstances), while maximizing the probability
described in Equation 3.4. The example of [90] implies a textual-visual retrieval effort that uses
a joint encoder-decoder system, in which the extraction of textual and visual information is in-
serted into a cross-modality embedding, that in turn takes advantage of this joint understanding to

generate outputs of the same types.

The landmark recognition of encoder-decoder architectures, as Guo et al. [54] argue, is the fact
that they are able to construct unique objects from a determined goal modality. Notwithstanding,
the great bulk of the mechanisms in question can only discharge an individual encoding effort.
Besides, the present generative attitude still faces a lot of challenges, in various fields and tasks [91,
92].

Image captioning [87, 88, 93], text to image synthesis [94], video description [95], but also
retrieval assignments [90] are a considerable share of the exercises involving the discoursed model

building technique.
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3.2 Common Frameworks

There are several methodologies and frameworks that explore the above-discussed representations
in different ways and with diverse motivations. Thus, it is also important to meet some of the most

common structures within the multimodal domain.

3.2.1 Probabilistic Graphical Models

Probabilistic Graphical Models (PGMs) are statistical models that use graphical representations
to interpret sophisticated joint multivariate probability distributions. In this fashion, PGMs try to
capture conditional independence connections between interacting random variables [96].

In Deep Learning, PGM is a general name for various systems with distinct configurations
that work with the affected sense described in the previous paragraph. Examples of deep PGMs
that have been implemented to tackle a multimodal problem are Deep Belief Networks (DBN5s)
and Deep Boltzmann Machines (DBMs). Both ideas are established on Restricted Boltzmann ma-
chines (RBM) (introduced by [97]) but have dissimilarities. While DBMs feature fully undirected
connections in the lower layers, DBNs have bidirectional ones.

In [98] the suggested DBN model creates a probability distribution across the space of mul-
timodal inputs that enables to model case-specific events from conditional distributions for each
modality in context. The authors indicate that the solution can learn a fair integrated joint subspace
representation, so it could be a useful tool for both image annotation and image retrieval. A rather
similar plan is motivated in [99] but instead, it uses a Deep Boltzmann Machine for classification

and retrieval scenarios.

3.2.2 Deep Canonical Correlation Analysis

The attribution of deep canonical correlation analysis comes from the implementation of canonical
correlation analysis (CCA) in a deep neural network context, being CCA a technique for determin-
ing the correlation between paired sets [100]. As a tool to guarantee coordinated representations,
this method is normally applied in order to maximize the approximation of the concerned modality
projections.

Deep CCA achieves the aforementioned incorporation by implying a new functional conven-
tion, as the regular CCA is limited to linear relationships and the use of more complex non-linear
transformations is necessary. Although it presents relatively poor scalability (inherent to CCA’s
nature), as well as a high computational load, this methodology can be highly effective in cer-
tain contexts. To such an end, it is also important to control the maximization of the correlation of
inter-modal spaces to avoid an excessive overlook of relevant modality-specific information. Ideas
conveyed in papers such as [101] and [102] formalize some regularisation in the deployment of a
Deep CCA tactic, whether for proposals that predict one modality in relation to another as in the

case of [102] or for generative ones [101].
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One of the advantages of Deep CCA over other multimodal frameworks is its ease of adapting
to unsupervised scenarios. Because of that Deep CCA has been connected to a variety of mul-
timodal learning undertakings, including acoustic characteristics representation [103], emotion
recognition [104], classification problems [105], and voice recognition [106]. On the other side,
Deep CCA’s already entailed drawbacks, indicated by Guo et al. [54], can bring some inconve-

niences to numerous types of other applications.

3.2.3 Convolutional Neural Networks

Convolutional neural networks are used as the visual associated building block for a lot of mul-
timodal systems in a widespread manner, as manifested in works like [90,93, 107]. In this way,
the three examined types of representations are broadly handled in strategies that employ CNNs
as key elements.

Despite the universality of the adverted unilateral intervention, one can also find mediations
that apply this kind of neural network as the main mechanism attributed to all modalities. The
work of [108] inspects fall detection by computational systems as a way of expediting a support
process for the elderly population. The contemplated procedures probe different topologies of a
multimodal convolution neural network by treating images and information from accelerometers
as the operating data to engage on. In this manner, multimodality is introduced as a means of
improving the detection paradigm.

With a distinct view, Madhuranga et al. [109] present CNN models as a tool of video recogni-
tion, where knowledge is extracted from visual evidence and from audio signal descriptions (usu-
ally intended for recognition of activities of daily living). The identification of poses is completed
via the usage of diverse information sources.

Sharing the perspective of [110], multimodal CNNs serve as good cross-modal feature extrac-
tors, more often than not in instances that include visual assessments, and can also represent spatial
patterns from multimodal streams. A possibility that comes with the cost of benefiting from large

data collections, and engraving time-consuming inference training procedures.

3.2.4 Multimodal Autoencoders

Multimodal and unimodal autoencoders go hand in hand with the formation of representations
administered in encoder-decoder mechanisms. In fact, in these models, one only finds such con-
formation for compacting initial motifs into latent vectors [111]. Additionally, what, in some way,
defines this pipeline is the reconstruction effort, as an autoencoder hinges on building back a de-
compressed object that can be as close to the original as feasible [111]. The specificity of the
structure in vogue, pictured in Figure 3.4, reflects the development of a loss function tailored to its
particular conditions. The reconstruction loss aims at what its name implies, as its minimization
promotes a greater restoration, mathematically. The expression 3.5 formulates the reconstruction
loss in a dual-modality spectrum. In it, X; and y; convey a pair of inputs and X; and y; express their

reconstructed outputs.
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Figure 3.4: Multimodal Autoencoder.
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Works like [112] defend that multimodal autoencoders, by enhancing the interaction across
representations, regularize, in a way, the enforced constraints of reconstructing individual inputs.
This notion, allied to what the author calls a step reconstruction process optimizes the manner
of reconstructing representative features for the desired products and makes a perfect conjuncture
for transfer learning tasks. The thesis is successfully tested in cross-modal retrieval, multilingual

(cross-language) document categorization, and audio articulation.

Considering another example, Ngiam et al. [113] conserve a utilitarian vision of the opportu-
nity to use data of different sorts, in that they propose a bimodal deep autoencoder that learns, for
the case, audio and video projections with the purpose of making it possible to rebuild a deliberate

entity without the coexistence of both modalities.

In the biomedical signal processing field, works such as [114] review EMG and EEG path-
ways as translations into divergent modalities, and engage a multimodal framework to explore the
combined restoration process intrinsic to its deep autoencoder setup with the interest of mitigating
signal distortion, especially at high compression levels, and improving a sentiment classification

problem. Both proposals are achieved and evidenced.

In terms of advantages, multimodal autoencoders stand out as an excellent tool to combat
scenarios where there is little or no data, while efficiently benefiting from the possible variety
of existing resources. Concerning disadvantages, the workload and time associated with train-
ing can drive away potential users of such compositions, as well as the plausible losses of some

spatiotemporal information when deepening the encodings.
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3.2.5 Generative Adversarial Networks

The effect of GANs on the multimodal field is mainly reflected in cross-modal translation and
retrieval issues. For translation purposes, and taking the example of text-to-image synthesis, Fig-
ure 3.5 aims at portraying a system whose essential task is to map a myriad of image-related
concepts from a text source into a latent representation that, jointly with random noise, needs to
be used as input to an image synthesis process. Following that operation, the encoded synthetic
visual representation, collectively with the textual one, requires to be deemed compatible with the
initial sample, by the discriminator. Regarding the labeling, E refers to an encoder, T and V depict
the textual and visual modalities correspondingly, and the remaining identifications follow already

defined conventions.

or
Not Compatible

Figure 3.5: Cross-modal translation type GAN.

Reed et al. [89] marked a position, at that moment, with a network that followed precisely the
logic presented in Figure 3.5, consolidating a somewhat prevalent approach to the task. Building
on this thesis, the authors of [115] revealed a scene-to-graph methodology where they sought to
make more of the insight impregnated within the contextual and textual relationships to facilitate
the generator’s ability to create realistic images. The executed rationale read as, by modeling sen-
tences as graphs, a more developed network that is qualified to translate linguistic relationships
into visual connections. Coming from a common starting point and setting a goal of enhanc-
ing textural features in the text to synthesized images, [116] introduces a model that integrates
a decoder-aided self-supervised discriminator with a so-called feature-aware loss that grants the
generator supervision over the multimodal representations from the discriminator. These refine-

ments proved to be crucial in a quest for better picture generation.

The objective of GANS, in cross-modal retrieval, is to map paired inputs into a common rep-

resentation such that the discriminator is unable to distinguish modality subspaces. The common
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topologies of cross-modal adversarial models may be divided into two types based on the discrim-
inator’s input subjects.

In a system type depicted in 3.6a the discriminator receives a multimodal mapping that is pro-
duced thanks to the encoding done by the generators, that venture on approximating the unimodal
latent vectors, for the sake of yielding the most modality-invariant space as possible. In its turn,
the job of the discriminator is to dissect its input vector and categorize it into the fed modalities.
The lesser the clarity of the distinction, the lesser the distribution split between modalities, albeit
in an opposite scenario occurs a maximization of such gap. The exercises put into practice in [117]
exemplify the usefulness of this technique, as in addition to their multimodal retrieval base pro-
cess, the authors enforce this kind of GAN as a modality checking contrivance, to assure that the

altered features are indistinguishable, and consequently, they guarantee a quality fusion procedure.
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(a) Distinguish input modality. (b) Distinguish modality pairs.

Figure 3.6: GAN architectures for cross-modal retrieval.

The instance outlined in 3.6b serves as a modality pair identifier or classifier, where the in-built
encoder-decoder structure engenders an object, granted a disparate modality intake, and where the
discriminator rules a decision given operated representations of the original network input and
the generated one. Tracking the example, the image projection vector is decoded into a textual
sample, which is then combined with the initial entity for examination via the discriminator. Pro-
vided that the generation method was able to contain key visual information and exert a functional
equivalency, the classifier will treat the replicated pair as a real pair. A negative response will be
expected if the opposite situation presents itself. Once again there is this sense of game at play, as
the generator strives to maintain a modality-invariant knowledge flow across the network, and the
discriminator seeks to encounter inconsistencies in cross-modal representation.

The work of Zhang et al. [118] embraced a GAN to ensure consistency on their unsupervised
cross-modal hashing problem. The authors contemplated the virtue of conserving manifold struc-
tural integrity across multiple modalities, apart from protecting inter-modality and intra-modality
interactions in the shared hash space. The generator is trained to choose a modality-specific sam-
ple when assigned an example from another one, all within the same manifold. On the other hand,
the discriminator will assess whether or not the created pair is part of the same framework. These
routines are operated relying heavily on hash codes since the generator picks samples according to

them, and the discriminator, in turn, analyzes the connection between modalities trusting on those
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hash codes. In this fashion, it is concluded that the adversarial learning strategy is considered

relevant to strengthen the cross-modal manifold structure preservation property.

3.2.6 Attention Based Mechanism

Attention-based mechanisms became, in recent years, an increasingly exploited tool, in the most
diverse contexts. Initially, it was more revisited in the natural language processing field, due to
its major valence when compared to other methods, for sequence data analysis. Moreover, it is
now state of the art in XAl applications [119], in computer vision examples [120], and in other
areas related with ML [121, 122]. The widespread interest is specifically due to the capacity of
these contrivances to signal its system which instances, regions, or steps it should focus on. This
actuality reveals an appealing discriminative ability to give more importance to certain patterns or
representations or even neglect certain elements. This property has shown tremendous potential,
both in terms of insight into models’ functionalities, as well as achieving unparalleled results, in
many cases, and promising results in other assignments

For multimodality purposes, attention mechanisms may be divided into two types: key-based
attention and keyless attention [123]. As the name suggests, Key-based attention uses a key to
identify relevant activities. Exploring Figure 3.7 for a relevant multimodal overview of what key-
based attention would look like, and taking into account a traditional visual model (i.e CNN)
in adjacency with a sequential learning textual one (i.e RNN), we can observe the key-attention

dynamics related to the different time steps t.
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Figure 3.7: Key-based Attention Mechanism.

The visual element highlighted in blue, translates the image features into a set fj, whereas the
orange sequential system decodes an input into step or time-based representations in h;. In this
configuration, the f; embeddings serve as a source to be sought, while the present state h; in the
decoder acts as a key. The output y, at time step t, is partially affected by the h; contribution and
partially impacted by the contribution of the weighted combination, c, of the various elements
of the visual space. The relationship between both modalities is parameterized by the reported
scoring mechanics (reflected by the Score block) that embodies the signaling property, as it also

defines a clear influence on c.
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Image description provides a large source of attention-based multimodal implementations.
Namely, in [124] there is an expansion of the typical temporal and/or spatial clarifications attention
mechanisms towards a modality established discrimination process, sparingly following modality-
specific characteristics like audio features, image patterns, and motion peculiarities. Findings
turned out to be very competitively, respecting the state-of-the-art, at the time.

The image question and answering problem exhibited in [125] are confronted with a stacked
attention network built on top of the addressed framework that aims at more accurately identifying
representative aspects of a particular question by searching for image areas that highly correlate
with a possible query reaction. This work imposes itself as another illustration of the utility of key
attention mechanisms in multimodal scenarios.

Keyless attention logically follows the same basic principles as key-based attention, but in a
spectrum where the inference step is executed in one step. This is circumscribed to non-sequential
classification or regression paradigms in which, without the use of a key, attention is focused
directly on the localized vector spaces. In this order of thinking, there exists an ingrained con-
siderable suitability for multimodal feature fusion roles that struggle with inter-model concept
redundancy, semantic clashes and ambiguities, and even noise from the amalgamation of knowl-
edge. It can be asserted that the produced unified representation with keyless attention intervention
can help to retain concise multimodal information.

As practical use cases, [126, 127] describe two different angles of analysis regarding the key-
less format. The authors of [126] state that the implication of attention mechanisms in a video
classification panorama can be highly fruitful, especially in accessing and understanding interac-
tions between representations of disparate modalities. The developed architecture settles on the
application of relevance assignments, subsequently to the modality combination and concatena-
tion of latent vectors. The novelty system suggested in [127] handles video classification with a
transformer model (architecture with integrated attention mechanisms) that requires "fusion bot-
tlenecks" so as to blend modalities, across various layers. In this case, the inputs are the sequential
frames that make up the video and the corresponding audio signal. Since transformer models are,
nowadays, state-of-the-art frameworks for treating sequential data, their employment seems natu-
ral and appropriate. Furthermore, unlike classic unimodal paired self-attention, the organization
of the system at issue compels the model to aggregate and compress important information in
each modality and imposes a limited communication to just what is required. The authors also
conclude that imposing inter-modality transmission constraints enhances the merged performance

while lowering computing costs.

3.3 Multimodal applications in medical contexts

Multimodal implementations in the medical field and healthcare, intersect a very broad spectrum
in terms of purpose, vary in methodology, and also in the way they deal with different types of
data. To provide a brief and exploratory overview, the following categorization is centered on two

common instances that belong to a diverse number of existing tasks.
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3.3.1 Decision Support / Classification

Classification is, probably the most widespread assignment in the ML and DL community. Notwith-
standing, such remains a reality in healthcare and medical-related research work, knowing that
many of these procedures are revealed in auxiliary diagnostic systems. Multimodal methodolo-
gies can be very important in a complementary perspective, where the inter-modality integration
of knowledge aims at a more robust and complete decision performance. Thus, works that focus
on these particularities may be fundamental in exploring and taking advantage of the resourceful

use of medical records, as well as vital to expand the operation of these systems.

The authors of [128] operate on chest X-ray radiography and its associated medical reports for
14 multi-label categorization assignments. Nunes et al. [128] adopt a joint training process, where
their multimodal model consists of two main components: a sequential input parsing element,
which in this case is a text one, and a visual sensing element. The visual part resides in a CNN and
the textual part involves a word embedding constructor, a two-layered block of multiple bidirec-
tional LSTMs (mLSTMs), and a word-level multi-head attention block. The multimodal approach
involves concatenating the final unimodal representations that are then passed through a 14-node
layer. The latter is mapped by a sigmoid function that reveals the final predictions. Both training
and testing procedures are done with the same structure. In this way, the use of images and text
inputs is implied in both contexts. For the experimental assessment, 4 layouts were implemented.
The first one concerned the evaluation of 4 unimodal visual baselines for grey-scale images and
the second one centered on 3 baselines in an RGB setup. The third execution targeted the review
of 3 medical report textual baselines’ performance. In all three instances, the used models were
pre-trained in medical or biomedical data. The fourth and final stage addressed two variations
of the proposed model - one with and one without pre-training -, where the chosen CNN was an
EfficientNet-B5 [129] and the word embedding system was the BioWordVec [130], while also
testing both entities on a pre-trained single-modal setting. In the end, the pre-trained multimodal
model proved to be the most capable through all classification tasks, presenting the best results
across various metrics such as accuracy, F1 score, recall, precision, label ranking average preci-
sion, and classification error. In addition, the authors of [128] slightly confirm the robustness of
their model by displaying visual grad-CAM heatmaps for two of the labels, as well as exhibiting
the attention outlines for the respective text examples. The heatmaps focus on the expected ar-
eas, as well as the textual saliencies reveal higher attention attributions for words that are strongly

linked to the classes in question.

The work of Biswal et al. [131] tackles the topic of multimodal data synthesis to aid towards
greater availability of training resources in the medical Al field. To this, it adds the scarcity of
synthesis studies in the multimodal ambit as a motivation for the proposed system - end-to-end
multimodal X-ray generative model (EMIXER). The EMIXER produces synthesized X-ray im-
ages and corresponding free-text reports conditioned on diagnosis labeling. Such full functionality

is achieved thanks to the model’s 6 main segments:
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* X-ray image generator: generates X-ray images from the combination of a noise vec-
tor and the class information that pass through a deconvolution residual block and a self-

attention module.

* X-ray report Generator: generates a topic-based medical report from the synthesized X-
ray images thanks to an encoder-decoder architecture. The sequential process starts by
scanning the images through a CNN encoder in order to secure latent feature representa-
tions. Then the embeddings are decoded to topic vectors, via an RNN model, for each input
sequence. These topic vectors are processed by another RNN decoder to produce the words

and consequently sentences of the free radiology text.

* X-ray image discriminator: with a ResNet structural design, it ensures that the created

instances fit the visual distribution of actual X-ray images.

* X-ray report discriminator: allowing for the supervised treatment of the real X-ray image
associated report texts, it discriminates whether the newly produced ones match the codified

real medical text concepts. Moreover, the framework is rooted in an LSTM model.

* Joint discriminator for X-ray images and reports: it forges the true multimodal mech-
anism of the presented proposal. It is motivated by the authors as a guarantee of further
support to the generator network for generating higher quality outputs, that being that they
assume a dependence and correlation between radiographs and reports. The joint feature
discriminator receives one tensor composed of a concatenation of synthetic image and text
embeddings and, subsequently, takes on the role of trying to figure out which of the inputs

is constructed and which is false. This block is only constituted of fully connected layers.

The training moment is characterized by the contraction of the min-max dynamics applied to
the custom loss function by the different components of the network. While the discriminators try
to maximize the loss, the generators try to minimize it. Besides, it is also noteworthy to entail that
such a function has some terms that account for fully supervised image rotation values.

For the experimental appraisals, Biswal et al. [131] attempt to answer a set of questions:

1. "Can EMIXER generate high quality X-ray images?"
2. "Can EMIXER generate high quality pairs of X-ray images and reports?"
3. "Can EMIXER learn a high quality generative model from limited samples?"

4. "Can EMIXER be used to improve COVID X-ray classification?"

Regarding the first inquiry, an X-ray multi-label image classification arrangement is organized.
The performance analysis is executed for five distinct disease-related labels and the evaluation
considers an accuracy and an AUC metric. The intention is to analyze the effect that the EXIMER

model produces as a data augmentation tool. In this sense, two image classification models were
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initially trained with a given data set and then were trained with that initial data set plus a given
assemblage of generated data. The last varies depending on its generator model since the EXIMER
is compared with three baselines: JointGAN, CoGAN, SMGAN. Performance-wise, an increase
of 5.94% was concluded when compared to the initial set classifier and a 3.6 % improvement
was established when compared to the best baseline. This demonstrates that EMIXER was able
to create synthetic X-ray pictures that supplement an original dataset and enhance classification
results.

To respond to the second question, two trials were planned. One of them was analogous to the
previous experiment but transposed into a multimodal setting, where now the classification data
is both visual and textual. Once again, the EXIMER framework proved to induce better results
than the same baselines and than the only real input classifier. For the second instance, the test
methodology is maintained, but the evaluation metrics are changed, as it is now a matter of judging
the quality of the generated texts. According to several BLEU and CIDEr markers, the model in
question improves, in an augmentative perspective, the generation of medical reports.

The third query addressed the system’s capacity in a limited resource context. The challenge
was faced as a self-supervision problem for classification and image generation exercises and so
a partial labeling solution was applied. The EXIMER model guaranteed better outcomes in terms
of accuracy and terms of image generation diversity when, once again, benchmarked against the
baselines.

For the last case study, there was the prospection of the network as an augmentation instrument
to enhance the detection of COVID-19 in radiographs. The detection was done in a multi-labeling
scenario where there are 4 highlighted respiratory infections, among which COVID-19. The ex-
amination explored three alternative models: trained on a COVID-19 dataset, pre-trained on the
CheXpert dataset and fine-tuned on a COVID-19 dataset, and pre-trained on real and EXIMER
manufactured data and trained on a COVID-19 dataset. The results for AUC, sensitivity, and PPV
illustrate how supplementing actual datasets with EMIXER-produced samples enhances overall
performance. Moreover, the artificially produced X-ray images and reports were qualitatively in-
spected by two radiology clinicians. The radiologist’s remarks imply that synthetic samples were

somewhat identical to genuine ones, besides some X-ray report language incoherence.

3.3.2 Retrieval

Retrieval efforts are probably, along with classification exercises, one of the most popular practices
in the ML/DL medical domain, which makes a lot of sense considering the opportunities that exist
to improve and optimize the access by professionals to concrete and relevant data. The objective
is, in each particular situation, for clinicians to be able to benefit from the best possible conditions
to provide the best possible health service. It is in this scope that works like [132] and [133] are
inserted.

The aim of Yu et al. [132] is to pursue better and more efficient Content-Based Image Retrieval
(CBIR) for radiology purposes. For that, the authors argue that the key resides in bridging semantic

gaps and estimating similarities between fine-grained image inputs and retrieved outputs, and so
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they present a "Multimodal Multitask Deep Learning" technique that scores similarities between
query and database instances using X-ray image and report representations in a common subspace.

The training phase reveals several procedures, which in short aim at improving the research
and matching process. It is a sort of supervised joint classification setup, where it is intended to
approximate the visual and textual representations to the corresponding label matrix via two L2
losses [134]. Before that, both inputs are compressed to individual feature embeddings that man-
ifest in the same latent space, and the link between modalities happens when these representations
are combined into a coupling matrix whose columns correspond to different semantic projections.
The L2 loss optimization is done for each of these columns. As for the model image branch,
there are some unique nuances that are essential to highlight. Initially, a Selective Convolutional
Descriptor Aggregation (SCDA) algorithm [135] is applied to the original training images in the
interest of localizing the condition-associated regions. Saliency masks are created and then em-
ployed to generate image descriptors, which in turn are fed into the proper model. Additionally,
complementary to the integrated training, a triplet loss is adjusted for the visual representation pro-
duction component to improve image discrimination based on minor details. The authors found
these imaging modality tweaks to be highly fruitful for the final retrieval outcomes. With such
a learning strategy, the authors believe that the system is able to reduce the heterogeneity barrier
across distinct modalities and learn common subspaces while simultaneously retaining semantic
selectivity and modality invariance.

The test framework, necessarily, has a retrieval nature. In this case, it regards as unimodal,
since it only plans to resolve similarity metrics for images present in the database in vogue. Like
s0, a cosine distance [136] among query images, and each stored sample is quantified by exploiting
the training image encoder representation policy. The retrieval output itself is then sorted per
distance metric.

The designed model is composed of a VGG16 for the extraction of the image descriptors,
a DenseNet121 for the visual encoding, and a Doc2Vec model for the textual representations.
All elements are pre-trained on medical data. As for baselines, a DenseNet121 is assigned for
unimodal image retrieval, and also a current Attention-based Triplet Hashing (ATH) system [137]
is utilized for comparison purposes.

For the experimentation setting, the mean average precision (mAP) score [138] was executed
for all testing samples and the average precision [138] was calculated for each particular class
prediction on the top 10 retrieved instances. Retrieval is deemed correct if any of the fetched
image’s positive labels coincide with the search query. The mAP was tracked for the top 1, 5, 20,
and k (where k is the number of test cases) retrieved objects.

The proposed multimodal framing induced a 4% improvement in mAP over the DenseNet121
unimodal retrieval baseline, while it also prompted an mAP enhancement concerning the ATH
structure. Furthermore, additional ablation studies determined that, for mAP, the multimodal share
of knowledge delivered a 3.0% increment over the equivalent unimodal image-only baseline, that
the deep descriptor learning supplied a 0.4% growth, and that the ranking loss optimization im-

pelled a 1.1% gain.
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To finalize, image saliency maps were generated in order to qualitatively probe the model’s at-
tention areas for the executed activity. It was verified that, in general, query and database heatmaps
extend a considerable pixel overlap.

The proposal developed in [133] attempts to investigate a multimodal learning approach as a
means of verifying X-ray image retrieval quality, in an integrated manner. As such, the system
under analysis is capable of separately receiving textual and visual inputs and assembling them in
an abstract space. Regarding the proposed architecture there are two main tracks. A text-related
section where there is a block to map the embeddings and a layer that scales the latent vector for
the implementation of the supervised loss function, and an image portion where a DenseNet121
network receives image inputs and produces a unidimensional condensed tensor, over which PCA
is operated to reduce its size.

The modality relationships are modeled in a coordinated way via the progression of the carried
out learning exercises, which embody three types of training. The first supervised training process
involves minimizing a squared error type loss, thus mitigating the divergence between embeddings
of different modalities. The second methodology focuses on Adversarial Domain Adaption (Adv).
In this one, a discriminator tries to distinguish the domains of the already mixed representations,
and the generator tries to merge and make it increasingly imperceptible to detect discrepancies in
the joint representation. A third scenario brought the two previous solutions together to understand
how much supervision is needed to make the adversarial study feasible. Across all contexts, some
orthogonal regularisation was introduced.

The testing mechanism is consummated as an effort of cross-domain retrieval and, with respect
to that two subsets have been defined: one for the image to report query and another for the inverse
procedure. At a comparative level, several types of word embeddings were assigned to resolve
various test models. Metric wise, cosine similarity measures, Mean reciprocal rank [139], and
multiple normalized discounted cumulative gains (nDCG) [140] were studied.

The paper’s conclusions begin with the realization that, on a wide scale (top 100 nDCG),
the unsupervised algorithms may obtain equivalent performance on disease-related retrieval tasks
without the necessity for labeling. Moreover, the experimented bi-gram text embedding model
proved to be the most consistent for the in-built retrieval system across the distinct training tech-
niques. On smaller scales, Hsu et al. discovered that even minor supervised interventions (as low

as 0.1%) can boost the execution of the retrieval task.

3.4 Conclusion

In the context of the dissertation, multimodality and multimodal learning center on how to de-
velop machine learning strategies that make the best of a set of data of dissimilar kinds in order
to accomplish a determined function. The fundamental addressed learning strategies behind most
works in multimodal Deep Learning serve as a foundation to achieve such purpose and tackle
multimodal challenges. Understanding how they unfold is pertinent in itself, and it becomes es-

sential to understand how the ensuing experiments are framed. Furthermore, it is also significant
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to recognize some of the most operated configurations and models in multimodal setups, as well
as it is important to illustrate successful examples of how to address multimodal data and Deep

Learning within the medical/biomedical spectrum.
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Chapter 4

Literature Review: Explainability in
Machine Learning

As already briefly scrutinized, interpretability and explainability in machine learning emerge as
a necessity of having tools that are capable of directly supporting their decisions or being under-
stood via its mechanism or via its output-input relation [141, 142]. From this perspective, it is
comprehensible to stipulate that the two concepts are highly linked since they are both proposed
to achieve the same general goal. In spite of that, interpretability and explainability might not
necessarily mean exactly the same.

An interpretable machine learning algorithm can be conceived as an algorithm where the con-
nection between the initial inputs/features and the outputs/predictions can be traced, or more im-
portantly, understood by humans - it is inherently interpretable [142, 143]. Often, the operators of
interpretable instruments aim to produce logical interpretations for a specific task from which the
algorithm is responsible, without sacrificing its efficiency. In this regard, usually, it is an essential
part of the work to manage the equilibrium between a simpler model, easier to interpret, and a
good accuracy [141]. It can also depend on the end goal and in what scientific area is the model
designed [3,144]. All in all, interpretability relates to understanding what causes the leading of an
input to an outcome.

Explainability tries to approach what’s behind the process itself. This subject is a lot of times
related to post hoc methodologies that underline explanations for established complex black box
models’ forecasts [5]. Hence, it is linked to the idea of explanation as a human-to-human interface
that is both a correct proxy for decision-makers and intelligible to humans [145].

Applying another broader distinction, interpretability is centered on a whole strategy of a pre-
dictive and interpretable system [5], and explainability can be centralized on methods/algorithms
that are able to expose and extrapolate explanations [7].

All differences aside, the two notions are often widely treated, in human terms, as a natural
sense of understandability for machine and deep learning procedures [146]. Both are extremely
important, especially, in the medical field and for medical/biomedical applications because they

give insight on a myriad of essential elements for this type of functions [141]. These elements
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include accountability, as in a system may need to be liable and be able to explain its results [147],
quality assurance, since we have a thorough look into the model’s functionality and performance,
ensuring more knowledge and robustness over it [148], and trust since, for example, a clinician
needs to be capable of trusting a system that provides him with crucial information about a di-
agnosis [141, 146]. Allowing for the above premise, both concepts will be invoked in a common

manner.

4.1 Taxonomy

Many taxonomies are used to categorize and distinguish XAl techniques. These different criteria

handled in literature can be noticed in Table 4.1

Table 4.1: XAI Taxonomies.

Taxonomies Description

Local The local criteria catalogues a technique based on whether it is used
before, during, or after a model is built, and whether it is applied
before, during, or after its development [143, 146, 149].

Scope It distinguishes between local and global routines, so as the outlook
of the exercised procedure [150].

Output An output type taxonomy explores the divergences based on its own
outcomes. [150, 151].

Transparency The level of transparency and understandability of the internal me-
chanics defines this criteria. [143].

Agnosticity The agnosticity convention simply identifies executions per applica-

bility. In consonance with this arrangement there are model-specific
proposals - limited to certain types of models - and model-agnostic
appeals - may be used on any machine learning model since, by defini-
tion, they are post-hoc methods (operated after model training). [150].

Methodology DNN-specific regulation that divides approaches into groups based on
how they reach explainability and what they’re attempting to achieve,
whether it’s an explanation of the network’s processing or representa-
tions, or an explanation-producing system. [152].

Concerning a deeper analysis of the local taxonomy, works such as [153] and [150] scrutinize
how it can really rely on a pre-model, in-model, post-model discrimination, but at the same time
be alluded to intrinsic or post-hoc perceptions, that are more regularly than not associated with in

and post-model forays.

Pre-model resolutions occur before beginning any algorithmic endeavor and are independent
of it. They are data-centered and advocate the value of studying and comprehending the data
regardless of any system considering. Some data characteristics like sparsity, monotonicity, and
other intuitive feature patterns can raise this sense of pre-model/data interpretability [6, 146]. Ad-
ditionally, traditional exploratory data analysis methodologies like Principal Component Analysis
(PCA) [154], Clustering methods [155] and Mt-SNE (t-Distributed Stochastic Neighbor Embed-
ding) [155] are heavily enforced tools for accomplishing some insight over the data.
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In-model and intrinsic styles are managed by imposing limits on the ML model’s complexity.
The premise lies in the fact that a simpler constrained structure or one with certain pre-defined
conditions leads to an inherent sense of interpretability across its own configuration, providing an
answer to the issue of how the mechanism functions [146]. As to the conditions, these can be held
as pure organizational and design constraints translating into imposing structural sparsity, mono-
tonicity, causality, or other restrictions and regularisations derived from domain knowledge [5].
On the other hand, they can also be found in rule-based or case-based approaches. Given the ex-
ample of decision trees, they follow a tree-like representation where each node serves as a data
feature, and the corresponding edges are rules that apply to the last. Because a user may mimic
the model’s behavior while making a choice and ensuing a specific path, it is intrinsically under-
standable, simply by adhering to its guidelines. This rationale is implemented in [156] in order
to generate explanations. Other research endeavors as [157] rely on the use of cluster divisions to
create them. Here, each cluster has a prototype and a set of distinguishing characteristics.

Post hoc solutions demand the establishment of a secondary explanatory model and as a re-
sult, these tactics do not fully capture the true reasoning behind models’ behaviors [158]. These
methodologies are requested in three distinct instances: model interpretation, which aims to de-
scribe its behavior; model inspection, which enables an algorithmic examination, to grasp some of

its attributes; and result explanation, which defines the logic behind a single decision [145].

4.2 Intrinsically Interpretable Models

Intrinsically interpretable models are models whose inner workings can be easily understood by a
human operator. In a practical and objective view, the required steps or calculations for running
the model should be completely and equally inferred by a human actor. Besides the latter should
also be conceivably reproducible. The expected characteristics from these systems demand them
to be in-model and model-specific by definition [150].

There are several peculiarities within this genre of models, in that there are also different ways
of displaying explanations whose logical rationales vary as well. In this case, the understand-
ing and insight may come from example-based explanations, rule-based explanations, relatively
accessible mathematical foundations, or simple definitions of probabilities. The accession of ex-
planations by examples is predicated on the assumption that instances that comply with a series of
category-specific requisites are eligible to be part of the same set or classification.

In the ML spectrum, the K-Nearest Neighbours (KNN) algorithm is the most recognizable
model that embodies the example-based thesis [159]. To categorize a new observation, the classi-
fier, firstly, tallies a distance between it and all training samples in order to determine which are
its nearest neighbors. The label assignment is motivated by the K number training samples that
are more identical to the one in analysis, whereby the majority class within those K samples wins.
For explanation purposes, this methodology can serve the neighbors’ imagery for comparisons.
For instance, neighbors that belong to the same class may be exhumed as comparable examples,

whereas neighbors of a distinct class can be regarded as counterexamples. The ease of using this
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technique as a foundation for explanations is essentially rooted in the ability to "understand" a spe-
cific instance in the dataset [150]. Given the instance of a neighborhood of hundreds or thousands
of elements, we will hardly have an explainable scenario. However, if we have few comparable
features, or there is a way of reducing such features to a salable level, then KNN is stated as a
very suitable intrinsically explanation model [150]. Figure 4.1a serves to visually complement the
understanding of a KNN model.

Concerning rule-based explainable models, the most immediate and direct illustrations are
decision trees. Decision Trees are a non-parametric supervised learning approach that draws a
tree-like diagram depicting the various outcomes of a set of connected decisions [160]. It enables
to learn and compare data according to certain decision rules and so make predictions ensuing a
seemingly logical reasoning choice path. A decision tree usually begins with a single node and
branches out into different scenarios. Each of those results leads to new nodes, each of which leads
to new possibilities. It takes on a tree-like form as a result of this as seen in Figure 4.1b. Nodes
are divided into three categories: chance nodes, decision nodes, and end nodes. The probability of
particular outcomes is represented by a chance node, which is represented by a circle. A decision
node, depicted by a square, represents a decision that has to be taken, while an end node represents
the decision path’s final consequence [160]. The explanation process based on decision trees can
end up being twofold. On one side, we are only focused on what are the decisions followed along
the tree, and on the other, we are focused on the comparison of cases, where similar ones are impli-
cated in the same outcome and where dissimilar ones are taken as counterexamples (Figure 4.1b),
in the style of exampled-based systems [161]. This explainable nature of decision trees makes
them very appealing for these approaches. Also, the fact that these systems produce divergent
sequences makes them easy to visualise [150]. In terms of disadvantages, one must highlight the
potential of these models to be quite unstable due to their threshold nature. A few tweaks to the

training data can result in an entirely new tree [150].
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Figure 4.1: KNN and Decision tree examples - Intrinsic explainable models.

A linear regression model estimates an outcome via a weighted sum of the attribute inputs [162].

This methodology is unique to regression tasks and its drawn operation transcribes a linear rela-
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tionship between the variables, which renders a context that, in theory, should be interpretable [150].
That notion can be achieved through the exploration of mathematical approach (Equation 4.1),
where it is relatively straightforward to assess purely objective correlations, and thus construct a
foundation. In visual terms, there are several types of more indirect plots that can induce a simple
and concise reasoning, but even a direct expression of a graph, such as the toy example of Fig-
ure 4.2 where one maps an output y against an individual input X, there are purely observational
inferences one can conclude. Such is the case if we consider the designed line as some sort of a

threshold, or even for the direct reading of values that can easily function as explanatory.

y=0p+ 01x1 + ... + Qpx, “4.1)

Figure 4.2: Linear Regression graphical toy example.

Advantage-wise, Molnar [150] argues that linear regression models can be generically em-
ployed. Besides its mathematical implementation can be considered somewhat trivial. On the
other hand, the biggest setback is the fact that this type of method is very limited as to the con-
text in which it can be useful. There are numerous situations, where the scenarios translate into
non-linear panoramas, and thus modeling via this procedure becomes unfeasible [150].

Logistic regression models linear regression to a classification task setup [163]. As a result,
there’s a reformulation of the previous equation into expression 4.2. This restructuration transfers
the linear problem to a probabilistic configuration where one wants to acquire the probability of

an input being of class 0 or 1.

log <p(y:1)> = 0+ 01 X1 + ... + QX (4.2)
p(y=0)

The logistic view has the great benefit of understanding linear regression for categoriza-
tion purposes, as well as it provides values that define metrics of certainty or uncertainty [150].

Nonetheless, it suffers from the rest of the drawbacks that typify linear regression.
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There are other adaptions of linear models that are worth mentioning such as Generalised
Linear Models (GLMs) and Generalised Additive Models (GAMs).

For an interpretable probabilistic view, the Naive Bayes model is most likely the best represen-
tation. It utilizes the Naive Bayes theorem to determine the likelihood of a class for each feature
based on its value [164]. The naive attitude is concerned with the assumption that all features are
deemed independent, and so the estimation of the class probability is carried out granted aforesaid

conditional sense. The modelling of a class Ck is as follows:

1 n
P (Cilx) = ZP(Ck)HP(xi\Ck) 4.3)
i=1

The Z parameter accounts for the number of inputs x;, and so it ensures that the probabilities
sum to 1.

The Naive Bayes classifier is an intelligible model thanks to the understandability of a class
conditional probability [150]. Like so, it is viable to gauge how much a feature bestows towards a
specific categorization.

In a more global overview, there are certain defined characteristics that may indicate or facil-
itate the explainability of a model on its own [150]. Some of those are: linearity - if the linkage
between variables and goal outcomes is linear, the model is linear; monotonicity - if across a
whole feature space, the correlation between an input feature and the output one retains the same
trajectory, the concerned system is monotone; interaction - the flexibility to incorporate feature
interplay can translate to simpler interpretations; sparsity - it enhances comprehension since the
fewer non-zero valued elements there are, the smoother it is for a person to comprehend them all.

Table 4.2 maps some of those properties to the addressed models in this section.

Table 4.2: Model comparison according to some properties. Adapted from [150].

Model Monotone | Linear | Interactive
K-Nearest Neighbours No No No
Decision Tree Some No Yes
Linear Regression Yes No No
Logistic Regression Yes No No
Naive Bayes Yes No No

The integration of intrinsic interpretability in DNNs is often thwarted by the setbacks that
such imposition may generate at the performance level. However, there are several studies that
apply some of the methodologies presented in this chapter to sediment an inherently interpretable
approach. Granted the example of [6], Silva et al. presented a deep model that is capable of
supplying complimentary style and depth explanations by imposing monotonic restrictions in the
system’s conformation. Such enforcement led to an increase in the quality of the explanations.

Works like [165] and [166] prospect the inclusion of the KNN algorithm in a deep framework,
which by enforcing the interpretable nature of KNN models also enhance the clarity and robustness
of their predictive DNNSs.
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Finally, Yang et al. [167] explore what they call Deep Neural Decision Trees, a hybrid imple-
mentation that combines decision trees with deep neural networks, taking advantage of the clear
perception and understanding of the model. Moreover, the authors justify that the decision ori-
entation of ruled-base models can be more intuitive and suitable especially for tabular data types,

and in that regard, this proposal introduces significant improvements.

4.3 Explanation Strategies - Saliency Maps

The majority of modern and widely used explanation techniques tend to deliver on a network
processing front as understood in explorations of the methodology taxonomy [152]. These ap-
proaches are aimed at describing how a neural network processes data, meaning how it consumes
data and converts it into outputs. This work is done at the expense of attempting to encapsulate the
complex and numerous mathematical operations and conformations, which is often accomplished
via producing saliency maps that accentuate key aspects and calculations, or by constructing a
proxy model that closely resembles the original one, but it is easier to comprehend and study.

When it comes to explainable DNNs, saliency mapping as a way of tracking the more relevant
computations is likely the most popular sort of technique. Its applicability across different contexts
and modalities [7, 168, 169], precisely shows transversality and prevalence within the XAI field
and community. Figure 4.3 illustrates such plurality since it depicts examples of saliency maps
from distinct modality survey works.
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Figure 4.3: Saliency Maps.

The key premise behind saliency mapping methods is that feature gradients convey the signif-
icance of the inputs in relation to the outputs. Scrutinizing such an idea, it is possible to deduce
an axiomatic relation, where a relevance score, R; is established as a metric that expresses the
importance that an input X; has in respect to the decision or task produced by the model under
study [171]. The many known techniques present different manners and/or intensities of entailing
gradient paths, in fact, some use other additional attributions and mechanisms to obtain the refer-

ences relevance score. Forging ahead with this idea, Kindermans et al. [172] details a separation
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index for saliency approaches. Capitalizing on this account, the next subsubsections go through

each of these groupings.

4.3.1 Functionality

The functionality study regards the explanation of a model’s function by reporting some sort of
description of the complex non-linear transformations that lead to the extraction of an output from
a certain input space. Such can reveal to be rather impractical and unreasonable, and so one must
resort to leaning on approximations [172]

Sensitivity Analysis is considered to be one of the most basic approaches to examine gradi-
ent propagation since its implementation can be rather superficial. It uses the backpropagation
mechanism to contemplate local fluctuations at each node, which implies that it only explains the
function’s local slope [171]. This property induces this strategy to lose a lot of information. There
is no valuation sense, as computed nodal outputs are not pondered and so, regularly, the locally
gradient courses influence evaluation on an output appears as ineffective. Figure 4.3a labels the
sensitivity analysis study as "Gradient".

SmoothGrad has a distinctive way to resolve gradient investigation. It artificially creates sam-
ples granted added noise to original examples and calculates an average sensitivity map per initial
instance [173]. The computation is performed via stochastic approximation since it is unfeasible
to directly calculate local means in such high-dimensional space. A SmoothGrad application can

be also seen in Figure 4.3a.

4.3.2 Signal

The authors of [172] also claimed the idea that neural networks can identify a signal like an
impulse as a gizmo that makes certain internal elements activate, and so define the propagation
towards the network finality. Said concept or theory is considered across the following method-
ologies.

As the name may convey, the DeConvNet methodology solely exerts practice in CNNs. It
traces events back to its input space, in such a manner that is viable to recognize what input
instance triggered a particular activation in a determined layer [174]. The way to achieve this is by
enforcing a reversion of the processes that occur in the forward pass. There is, thus, the application
of deconvolutions and/or unpoolings at the layer level, in a logical sequence of trailing a network
activation reverse path [174]. As a consequence, a generated activation reconstruction stresses the
input features that impose weighted contributions at that specific instance. Another interesting fact
about this methodology is the fact that each layer extrapolation reflects the network’s hierarchical
nature, as the initial layers detect simpler patterns like corners and edges, and the deeper ones
seize more complex information [174]. The DeConvNet is exemplified in Figure 4.3a.

Guided BackProp was introduced by Springenberg et al. [175], and it builds on the DeCon-

vNet proposal. In fact, the proximity between the two methods is confirmed in Figure 4.3a. The
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main difference resides in the ReLLU gradient calculation, as in Guided BackProp the ReLLU func-
tions are overridden such that exclusively non-negative gradients are backpropagated.

PatternNet is deemed to be an improvement on the previous propositions. The authors
of [172] tuned their implementation thanks to the finding that the convolution filters do not obey
the direction of a propagated signal across a CNN model, which ultimately revealed to be an
impairing factor on the DeConvNet and Guided BackProp visualizations. The input data, in the
study, is represented as the combination of a signal component, s, and a distractor element, d.
That motivates the idea that the distractor shouldn’t quite influence to output, whereas the signal
should. As a result, the objective is to estimate the signal as accurately as conceivable. Such an
approach leads to way more clear and "clean" saliency maps when compared with its predecessors
(check 4.3a).

4.3.3 Attribution

Attribution reflects how much an activation contributes to the produced output across each layer [172].
As a metric definition, this sense of magnitude can be reproduced in a visual map. Multiple solu-
tions for attribution visualization have been addressed.

An Integrated Gradients procedure relies on the accumulation of gradients along an exact
route, from a baseline pre-defined input to a real one [176]. As it is intended to study an effect
on a real input (Figures 4.3a and 4.3b), this path is established as the course integral of the gra-
dients [176]. The incumbent gradient summation process makes the method quite generalizable
and, therefore it is widely used to study many different DNN architectures.

DeepLIFT or Deep Learning Important FeaTures exploits backpropagation within DNNs as
a means to compute the contributions of all neurons in the network with the respect to the output,
decomposing its prediction on a certain input [177]. The score calculation is based on the dif-
ference between each neuron’s activity and its reference activation. According to the technique’s
authors, in this way, the saturation problems caused by the existence of null gradients (common in
a minimally complex architecture) found in approaches that use the backpropagation mechanism
for studying gradients, are no longer a question [177]. Besides, there’s a whole extent of discon-
tinuous gradients, which usually deliver misleading relevance scores, that become unaddressed.
DeepLIFT also identifies dependencies that are overlooked by other routines like integrated gradi-
ents, by considering positive and negative contributions separately. All of this is hailed, in a single
backward pass, allowing for scores to be quickly realized [177].

Layer-wise relevance propagation - LRP - functions as a backpropagation technique. Its nov-
elty activity explored in [178] concerns a conservation property at neuron level. This means that
the share of an activation received by each neuron is evenly reallocated to lower layer neurons,
following the backward pass sequence. In this manner, and ensuring the same course, a rele-
vance notion is proportionately backpropagated depending on the lower level nodes’ excitatory or
inhibitory impact on the activity of the current neuron [178].

Just as the LRP method, Deep Taylor Decomposition highlights a repartitioned distribution

of neuronal activations in a backward fashion. The relevance mechanics are then also cornerstones
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in the Deep Taylor approach. The distinction of this practice mainly resides in the way of substan-
tiating such relevance, since it exerts the mathematical formulations of the Taylor decomposition
to the DNN context [179]. This translates to an estimation of every neuron’s role as the difference
between the neuron’s importance metric and its computed root point.

In [172], Kindermans et al. operate upon the concept of Deep Taylor Decomposition to formu-
late the PatternAttribution solution. The uniqueness of the strategy lies in the fact that the root
point calculation supports itself on an estimation learned from training data. This and the previous
two methods are also previewed in Figure 4.3a.

The grad-CAM or class activation maps application is a CNN exclusive mechanism. The
intuition behind this method is to follow the track of the gradients with respect, not to the output
but the last convolution layer. In this way, a lot of the spatial information lost in the transition
to the dense layers can be utilized to reveal where the model’s centering is for obtaining certain
conclusions [180].

In a completely alternative view to those discussed earlier, LIME or Local Interpretable
Model-agnostic Explanations is a local model-agnostic method that outputs a Surrogate Intrinsi-
cally Interpretable system. As proposed by Ribeiro et al. in [181], the purpose of surrogate/mimic
models is to use the input data and conclusions of a black-box model to train a simpler model,
generally an inherently interpretable one. LIME exclusively trains local frameworks to explain
predictions for particular occurrences, rather than taking a global approach. The LIME procedure
makes a perturbation in the neighborhood of each occurrence in the input space and then builds a
sparse linear model over that "new" dataset. Using an image as an example, the referenced tech-
nique executes these operations to each and every pixel. Finally, the information reflected on each

account helps to create a global picture, map, or explanation of the unique input image.

4.4 Conclusion

The XAI field has already proven to be a well-established domain with an extensive amount of
published research. In that regard, explainability and interpretability are often handled as a work
finality themselves, or as a tool to fulfill major assignments. For instance, several of the demon-
strated techniques are broadly used for classification tasks with the purpose of attaining insight
into which instances engender higher contributions to influence models’ decisions. Kohlbrenner
et al. [182] and Han et al. [183] employ saliency maps as a proxy to score or measure instance,
pixels and tokens/words respectively, contribution.

For content-based image retrieval (CBIR) regimes, Silva et al. [8] discharge a slightly peculiar
take by examining the adoption of Deep Taylor Decomposition saliency maps as a means of di-
rectly improving the system, while the work [132] utilizes the grad-CAM methodology to confirm
and validate their results.

From a different perspective, Montenegro et al. [184] developed a privacy-preserving gener-
ative adversarial network for producing case-based explanations concerning a glaucoma dataset.

The authors reiterate the importance of example-driven explanations for clinical contexts.
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In the experimentation phase of the dissertation, some of the discussed methodologies are
covered via saliency maps. Techniques such as DeepLift, Integrated Gradients, Deep Taylor De-
composition, grad-CAM, LIME, and LRP are applied to yield saliency explanations from X-ray
images and radiology reports, in a classification setup. Moreover, sample-based report-like expla-

nations are the foundation and motivation for the last segment of the experimental endeavors.
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Chapter 5

Unimodal Explanations from Unimodal
data

This section alludes to the findings of the dissertation’s first experimental effort. It pertained to
investigating unimodal explanations from independent sets of unimodal data. The assays were
conducted separately with the intent to gain some insight into the unimodal components to be
included in the main work of the dissertation. Later multimodal methodologies were pursued to
study how the inherent cross-domain knowledge intertwined in an integrated context. Throughout

the experimental procedures, two datasets were explored.

5.1 Data

The main requirement when researching possible datasets was for them to be properly annotated
catalogs of X-ray examinations. Ideally, it was important to find at least one multimodal dataset
in which the X-ray images were accompanied by medical reports detailing the findings made by
clinicians on those instances. In this fashion, it is conceivable to take some advantage of the
multimodality nature of existing medical resources. With this configuration in mind, two datasets
were selected: CheXPert and MIMIC-CXR-JPG. CheXPert constitutes a vast collection of de-
identified and labeled X-ray images whereas MIMIC-CXR-JPG provides both types of features
since it encompasses a considerable collection of radiographs and their associated free-radiology
texts. Thus, CheXPert was only used for the initial trials related to visual modality and MIMIC-

CXR-JPG was used for the text-only experiments and for the multimodal events.

* CheXpert: The CheXpert dataset [185] is a public large dataset of chest X-rays released by
the Stanford ML Group, which is widely used on studies about X-ray analysis and radio-
graph interpretation. It is composed of 224,316 unidentified chest radiographs from 65,240
patients. The radiographs were collected at the Stanford Hospital and performed between
October 2002 and July 2017. The supplied labels, which are extrapolated from medical re-
ports, cover a range of 14 pathologies/conditions and their occurrence may be positive (label

1), negative (label 0), unmentioned (blank label), or uncertain (label u). The fact that the
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data record is substantial, has solid reference standards, and surveys a variety of conditions

uncovers its interest.

e MIMIC-CXR-JPG: The MIMIC-CXR-JPG database [186] is a publicly accessible collec-
tion of JPG-format chest radiographs annexed with structured labels obtained from corre-
sponding free-text radiology reports. The set includes 377,110 JPG files and the associated
227,827 free-text radiology reports. A common reference for data splits is supplied and the
dataset is de-identified. Moreover, the labels are also extracted from the semi-structured
radiology texts and can also assume positive, negative, uncertain, and blank connotations.
The large size, the multimodality setup, and the convenience associated with the prevailing
image format were determining factors respecting the preference for the use of MIMIC-
CXR-JPG.

5.2 Unimodal Experiments

5.2.1 Text related Experiments

The initial textual experiments focused on gaining some insight and perception into the method-
ologies and models that are able to draw information and knowledge from text. In essence, this
segment served as means for conducting an exploratory study over those models, taking into ac-
count the targeted medical data in the interest of understanding how to incorporate such strategies
in a multimodal context. In addition, it allowed to engage with explainability mechanisms and to
understand which instances motivate NLP models to take certain decisions. Altogether, it served

as the groundwork for the textual facet of the project.

5.2.1.1 Materials and methods

The data used in this segment were free-text radiology reports from the MIMIC-CXR-JPG dataset.

In view of this analysis, the investigation consisted in comparing the performance and inter-
pretable saliency maps produced by three BERT models that differed in their conformation or
compliance. The exercise at hand was a binary classification one, where on receiving a medical
report as input the model had to decide whether it contained a positive or negative diagnosis of
pleural effusion. Pleural effusion is generally referred to as an excess of fluid inside the pleural
cavity or within the distinct layers of the pleura [187].

Only clinical reports (example in Figure 6.1b) affiliated to anterior-posterior (AP) radiographs
were chosen to provide a strong and coherent assessment, and all uncertain groupings were dis-
carded. At the processing level, every non-alphanumeric component was deleted from the clinical
reports before ensuing the direction of the original BERT model [40], in which inputs are tok-
enized. This means that every instance in a sequence sample (not necessarily a whole word) was
assigned to a numeric id (token id), an attention mask, and a token type id. In this case, all the
input sentences are adjusted to a 512 token length - maximum size admitted by BERT architec-

ture - being that some input sentences are truncated to this size and others are padded with zeros
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until they reach it. The token id transforms the textual representation of each sequence element
to a numeric expression that is "readable" by the model. This can happen at the word level as is
usually the case, but can also enforce "cutting”" the words. This is dependent on the WordPiece
instituted tokenizer [188] that operates by breaking words into whole forms (i.e., one word be-
comes one token) or word parts - root formats - (i.e., one word can be broken into many tokens).
Taking the example of the word "snowboard", the tokenizer would split it into the tokens "snow"
and "##board". The attention masks assigned to each token represent a binary tensor that identifies
the position of the padded indices so that the model does not focus on them. The token type ids
which are part of the tokenization process do not disclose any relevance, since they are only used

for activities involving paired-wise inputs, which does not arise in this instance.

After data partitioning, the training and validation sets were further split in half in an attempt
to have more compact sets that would imply less computational burden and would not significantly
impair the task at hand. Thereby, the training data collection ended up as a quite unbalanced set
of 27697 reports where 72.4% of the labels are positive, and the validation one was composed of
238 samples with a 75.2% unbalance ratio, also favoring positive cases. As for the test set, the

tendency was kept as 966 report examples pertained to an 80.4% positive label proportion.

Concerning the methodology itself, a binary cross-entropy loss is utilized. In training, it al-
lows for optimizing and adjusting the network’s weights, and in testing, it enables to access quality
control of the frameworks. The evaluated models are: a standard BERT pre-trained on plain En-
glish language [40], a standard BERT pre-trained on MIMIC notes and other biomedical domain-
specific languages (Bio + Clinical BERT) [189], and a smaller dimension BERT model also pre-
trained on plain English language [40]. All these share the same configuration scheme, where
after the feature extraction operation carried by the fundamental individual BERT structures for
the classification task, the vector, progressively, undergoes a linear pre-classifier layer, a dropout
layer to add more regularization, and a final linear layer that prefixes the classification. Moreover,
all were fine-tuned on the downstream exercise in question over a period of 100 epochs using the

Adam optimizer and a batch size of 6.

Several saliency maps were obtained using the Integrated Gradients method [177] (via Py-
torch’s Captum library [190] to confirm which tokens, and therefore words, the models focus on

in order to support their predictions.

5.2.1.2 Results

Concerning results, Table 5.1 presents them taking into account the accuracy metric. It is possible
to observe that the models that constitute the total base incorporation of a BERT architecture
obtained extremely positive outcomes, being that the one pre-trained on data from the referent

database has a slight advantage.

As an illustrative example, an explanation map for each model is shown in Figures 5.1, 5.2
and 5.3.
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Table 5.1: Accuracy score for text experiments.

Accuracy Score
BERT 0.99068
Bio + Clinical BERT 0.99172
Smaller BERT 0.74017

Word Importance

[CLS] final report examination chest portable ap indication _ _ _ year old man with sub ##mas ##sive pe eva ## et ##t

placement interval changes comparison impression as compared to the previous radio ##graph no relevant change is

seen moderate card ##iom ##ega ##ly mild tor ##tu ##osity of the descending ao ##rta no pl ##eur ##al e ##ff ##usions no
pneumonia no pulmonary ed ##ema [SEP]

Figure 5.1: BERT integrated gradients saliency map for negative prediction and negative label.

Word Importance

[CLS] [SEP] final report a ##p chest 1036 pm _ _ _
#ithe ##ost #omy tube turned to the left tip facing the left t ##rac ##hea ##l wall there is no p ##ne ##um ##oth ##orax or media ##st ##inal widening small right p ##le ##ural e
##ff ##usion is new heart size is normal th ##ora ##ci ##c a ##ort ##a is to ##rt ##uous but not focal ##ly di ##lated right sub ##c ##lav ##an line ends low in the s ##v ##c [SEP]

history t ##rac ##he ##ost ##omy and p ##eg impression a ##p chest compared to _ _ _ 5 37 a m there is a new t ##rac

Figure 5.2: Bio + Clinical BERT integrated gradients saliency map for positive prediction and positive
label.

Word Importance

[CLS] final report single frontal view of the chest reason for exam assess ng tube ng tube tip is out of view below the dia ##ph
#itrag ##m passing the stomach et tube is in standard position right i ##) cat ##het ##er tip is at the confluence of the bra ##chio
#itce #ipha ##lic vein left lower lobe op ##ac ##ity has increased consistent with increasing ate ##le ##cta ##sis and small pl
#ieur ##al e ##T ##usion right lower lobe ate ##le ##cta ##sis is unchanged there is no evident p ##ne ##um ##otho ##ra ##x
card ##iom ##ega ##ly is stable accent ##uated by the projection op ##ac ##ities superior to the hi ##la bilateral ##ly larger on
the left side have minimal ##ly increased on the right but markedly improved from ___ [SEP]

Figure 5.3: Smaller BERT integrated gradients saliency map for positive prediction and positive label.

5.2.1.3 Discussion

The preparatory assessment of the NLP models addressed some vocabulary nuance as well as
enabled to experiment with an indicative explainability technique. The inclusion of distinct vo-
cabularies in the methodology process came in as an effort to understand if the more oriented
pre-training would facilitate training convergence.

As highlighted in the comparative resolution, the approach with a MIMIC specialized vocab-
ulary turns out to have better performance even though by a slight margin when compared to the
regular BERT counterpart. In any case, the obtained performance by the tested base BERT models
yielded excellent results. This is due to the fact that these frameworks are able to infer knowledge
from texts without losing information besides the text’s sequential nature. Furthermore, textual
resources much more directly and unequivocally convey the essential information to be learned
for a decision than, for instance, visual samples, as they represent a human analysis of such data.
Thus, it is to be expected that models with a routinized and prolonged training, as is the case here,

achieve extremely favorable results. The smaller BERT ended up neglecting some of its predicting
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ability despite the attempt to use a simpler and therefore more flexible structure.

The produced explainability maps confirm or build on the classification results since for the
best performing classifiers there is a more robust support reasoning. Granted Figure 5.2, the
instance reflects a positive prediction and in a supportive manner, the pleural effusion linked token,
positively contributes towards the computed outcome. The example in Figure 5.1 reveals a high
positive contribution of the negation adverb "no" when it is applied precisely to negate the presence
of the condition in question, which makes a reasonable amount of sense given the absence of
pleural effusion executed prediction. On the other hand, the map of Figure 5.3 is not very clear,
or at least, it is not indicative of any expected contribution in a logical follow-up of the concerned

scenario.

5.2.2 Image related Experiments

The experiments on images aimed to use and investigate different algorithms and techniques for
generating visual saliency maps. Thus, with a view to complement the classification, it was possi-

ble to study which image regions were more and less fundamental for the categorization prediction.

5.2.2.1 Materials and methods

The CheXpert dataset described before was selected for the scope of this experiment.

For studying the implementation of various explanation techniques, two simple individual bi-
nary classification tasks related to two conditions that are fairly simple to interpret and monitor -
positive cases indicate to specific areas on the x-ray images - were prompted. One regarded the
identification of the presence or absence of pleural effusion in an X-ray image instance, and the
other concerned the determination of a positive or negative cardiomegaly diagnosis, also taking
into account chest X-ray images. Cardiomegaly is considered a general term that encompasses a
variety of medical conditions that lead to heart enlargement. This enlargement is contemplated or
defined as the transverse diameter of the cardiac profile being bigger or equal to half of the trans-
verse diameter of the chest on a posterior-anterior (PA) configuration/projection of a radiograph
or computed tomography (CT) scan [191]. With that in mind, and considering all images for the
dual functionality of each classifier, two major operations were fashioned including the intention
of prevailing coherence throughout the training process and in light of the objective of the exercise
at hand. The first decision was held by only providing the posterior-anterior (PA) identified images
for analysis, according to the fact that a PA setting allows for a better and clearer recognition of
the cardiomegaly characterized physiological transformations. The second compromise concerns
the uncertain labels as they were dropped.

The working intake was preprocessed in order to fit the required input format of the exploited
ResNet50 network before settling into the different groups. As such, all images were resized
to 224x224. Afterward, the training batches suffered augmentation procedures. The completed
data augmentation processes render into slight rotations (10° to 20°) and reduced horizontal and

vertical translations (to a maximum of 0.3 of the image width and height, respectively) of the
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training image data. These operations aimed to avoid or decrease a possible problem of model
overfitting to the initial dataset. This way, it is possible to introduce much more variability in the
type of inputs and thus increase its versatility. Finally, regarding the dataset split, the cardiomegaly
established drill headed an assortment that implied 4999 training images, 1767 validation, and 33
testing ones, while in the pleural effusion investigation, 15895 images were distributed for training,
1767 for validation, and 33 for testing. Both cardiomegaly and pleural effusion-related sets are
quite balanced: about 48% positive cases of cardiomegaly across training validation and test and
about 45% positive cases of pleural effusion for all subsets.

The model in charge of all train and test executions is pre-trained on ImageNet data. The
mentioned 50 layer residual convolutional neural network was adapted to suit the binary context,
and as such a final classifier layer was added. Concerning hyperparameters, both tasks were carried
out during 16 epochs with batch sizes of 32 and resorting to the Adam optimizer.

On the issue of saliency maps, four different techniques were covered: Deep Taylor Decom-
position [179], LRP [178], LIME [181], grad-CAM [180]. The Deep Taylor Decomposition and
the LRP implementations were tailored from the Keras-based library Innvestigate [7], while the
LIME and grad-CAM ones were attired accordingly to their respective original papers.

As to the loss mechanism, a binary cross-entropy conformation was again adhered to, since it

perfectly fits the binary classification scenarios.

5.2.2.2 Results

The cardiomegaly classification performance enabled a test accuracy of 96.97% to be achieved
and multiple explanatory outlines to be engendered. As a representative sample, Figure 5.4 shows
four generated maps for two scenarios where the prediction and actual label are both negative or
positive.

Prediction: 0 Class label: 0 Prediction: [0.] Class label: 0

Prediction: [1] Class label: 1
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50 100 150 200

o 50 100 150 200 o 0 100 150 200

Prediction: 1 Class label: 1 N Prediction: [0.] Class label: 0

Prediction: 0 Class label: 0 Prediction: [1.] Class label: 1

0 % % 7 10 125 10 15 20
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(a) Deep Taylor Decomposition. (b) LRP. (c) grad-CAM. (d) LIME.
Figure 5.4: Explanation maps for cardiomegaly image classifier.
Concerning the pleural effusion exercise, the test accuracy was 90.91%. Once again, several

saliency maps were obtained, four of which are portrayed in Figure 5.5 with the same conformation

as the previous examples.
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Prediction: 1 Class label: 1
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(a) Deep Taylor Decomposition. (b) LRP. (c) grad-CAM. (d) LIME.

Figure 5.5: Explanation maps for pleural effusion image classifier.

5.2.2.3 Discussion

The observed accuracy results are found to be quite robust considering the process and the envis-
aged applications.

For the cardiomegaly related explanation maps, it is noticeable that for positive predictions,
i.e., presence of cardiomegaly (label 1), the Deep Taylor Decomposition (Figure 5.4a), LRP (Fig-
ure 5.4b) and grad-CAM (Figure 5.4c) methods focus mainly on the enlarged heart area. On the
other side, the LIME (Figure 5.4d) drafts are not as clear to outline the same, as the green pixels,
that favor the final decision, are more scattered and, serving the most optimistic overview, only
surround the expected part of the image. When the model’s guess points to an absence (label 0)
the highlighted areas range is much more dispersed and sparse across all representations, and there
is no evident concentration in a specific region. This suggests that the model does not encounter
worthy "proof" of a cardiomegaly situation.

The concrete explanations for the scrutiny of pleural effusion usually reveal a spotlight on the
lower portion of the lungs where the overflow should prevail, in a positive case, and where a no-
ticeably amount of times, the aforementioned loss of curvature is, according to the literature [187],
an indication of an excess of fluid. Unlike the last assignment, the model applies a focus over the
mentioned section, independently of class, which may reinforce the idea that the physiological
transformation that happens in cases of pleural effusion, fundamental for its diagnosis, is "un-
derstood" by the network as a crucial parameter for the outcome of the computerized ruling. As
slight drawbacks, the high dispersion of the positive (green) and negative (red) votes within the
explanations created by LIME (Figure 5.5d), and the lower concentration in the explanation of the

positive prediction constructed by grad-CAM (Figure 5.5¢) stand out.
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Chapter 6

Unimodal Visual Explanations from
Multimodal data

This multimodal predicated assessment was motivated by trying to understand if training a model
with a multimodal configuration would bring improvements in performance and robustness for a
binary chest X-ray classification exercise. To achieve a conclusion on that matter, several classifi-
cation methodologies were, naturally, evaluated and saliency maps were generated. Furthermore,
being aware of the real-life context on which this task could prove to be of high relevance is also
important, as it may forward or suggest a framing for the experience itself. Thus, acknowledging
that, when analyzing a new case, a professional usually relies on image-based diagnostic evidence,
the carried-out approach follows a coordinated representation setting, where the textual informa-
tion was used to regularize the embedding learned by a visual encoder, meaning that for inference

only one modality is needed (i.e., the chest X-ray images).

6.1 Materials and Methodology

6.1.1 Data

All the available data for this trial comes from the MIMIC-CXR-JPG dataset.

In this study, the interest relies on analyzing the interpretability saliency maps generated for
the different models. In order to have a clear and consistent comparison, only positive and neg-
ative labeled images acquired in an anterior-posterior (AP) orientation and the respective clinical
reports were selected. Regarding the images (Figure 6.1a), they were resized to 224x224 and
normalized following the same procedure as done for the ImageNet pre-training. To prevent over-
fitting, data augmentation strategies were adopted, namely, rotations within a 10° to 20° range,
and random horizontal translations up to a maximum of 0.5 of the image width. For the clinical
reports (Figure 6.1b), all non-alphanumeric elements were removed and a BERT-like [40] tok-
enization procedure was implemented. Special tokens were created for the beginning and the end
of each sentence, and sentences instances were mapped to an id (token id), and an attention mask,

which signals the model where to focus. For such a task, the token type ids, that are formally used
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in the tokenization process, remain irrelevant since each input sequence is not paired. With respect
to the assignment at hand, it centers on a binary classification setting, specifically in detecting the

presence of pleural effusion.

FINAL REPORT CHEST RADIOGRAPH PERFORMED ON ___ Comparison

is made with a CT chest from __ and a chest radiograph from

___ CLINICAL HISTORY Cough metastatic non small cell lung cancer

assess for cause of new cough FINDINGS AP upright portable chest
radiograph is obtained Overall there is no significant change

from the recent CT performed __ with innumerable metastatic

nodularity involving both lungs and large consolidation occupying

the right lower lung with a small to moderate right pleural effusion

There is no new area of atelectasis or new area of confluent opacity

to suggest a superimposed pneumonia though given the extensive underlying
lung disease a subtle acute process would be impossible to exclude

Heart size cannot be assessed Mediastinal contour is stable

No pneumothorax is seen Bony structures appear stable Known metastatic
lesions involving the inferior scapulae are not clearly visualized as well
as the recently diagnosed nondisplaced fracture involving the right posterior
eighth rib IMPRESSION Overall stable exam with extensive metastatic disease
to the lungs with right pleural effusion and right basal consolidation

(b) Clinical Report

(a) Chest X-ray

Figure 6.1: Test example - Chest X-ray and associated clinical report. Pleural effusion case.

6.1.2 Methods

The proposed methodology (Fig. 6.2) makes use of the available clinical reports to regularize the
semantic space previous to classification. Moreover, it is designed in a way that does not require

the availability of the clinical reports in inference.

Training: In the training process, the system receives two inputs: Chest X-ray images, and
clinical reports. For each modality, a specific branch is built. For the image branch, a Convo-
lutional Neural Network is used to extract the relevant embedding features. On the other hand,
for the clinical report branch, a Natural Language Processing network is employed to extract the
relevant embedding features. Through an embedding loss function (Equation 6.1), it is possible to
promote a similar semantic representation for both branches. Assuming that it is easier to learn a
good embedding representation for the natural language branch than for the image branch, since
the clinical reports already result from a human description of the image information, the idea
involves improving image classification by incorporating this knowledge into the network (via the

embedding loss).

D%mb = MSE(IembaTemb) (61)

Besides this embedding loss function, there is the main classification loss, which is the binary
cross-entropy loss (classification task pleural effusion vs. non-pleural Effusion). Thus, the final
loss function being used to optimize the architecture’s parameters is the one described in Equa-
tion 6.2, where 2. ¢ (Virue, Y prea ) r€presents the binary cross-entropy loss term and %5 (Iemp Temp)

the embedding loss term, with 4.7 and A,,,, weighting the importance of each loss term.
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gfinal == Z'clfeglﬂclf (ytrueaypred) + lemba%mb (Iemba 7:emb) (62)

Test: For test, only one type of input is given to the network, the Chest X-ray images. Thus,
the inference process is similar to the one of a conventional CNN approach. This is important

since at test time, clinical reports are not available.

Training Images

Letf ViruesYpred)

Image
Embedding

CNN Model

TRAINING

LombLembs Tomb)

Training Clinical Reports

Text
NLP Model Embedding

TEST

Figure 6.2: Overview of the proposed approach. Blocks in light gray mean deep neural networks are being
trained (i.e., weights are being updated), whereas blocks in dark gray represent trained deep neural networks
(i.e., weights are fixed). The block in white means there are no weights being learnt. %, (Lmp, Tomp)
represents the embedding loss, which depends on the Image Embedding (/) and Text Embedding (7).
L f(y,me, yp,ed) represents the classification loss, which depends on the ground-truth labels (y;,.) and
predicted classes (¥ preq)-

6.1.3 Evaluation

The conducted evaluation process is divided into two main components: the study of classification
task performances (accuracy and F1 score), and the analysis of the impact of the regularization

process in the interpretability saliency maps generated.

Two different CNN architectures were considered and compared, with and without the clinical

reports’ regularization (working as baselines/ablation).
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6.2 Results

Regarding the experimentation itself, the two deemed different architectures for our CNN model
were the well-known DenseNet-121 [16] (pre-trained on ImageNet data) and a simpler CNN
model (with three blocks of “Conv-MaxPooling”, followed by three fully-connected layers). As
the NLP model, we used the state-of-the-art BERT model [40]. Since the CNN and NLP mod-
els do not generate embeddings of the same extent, we added a layer in order to have equal size
embeddings (for image and text). In the case of having the DenseNetl121 as the system’s CNN,
the resulting image embedding length is 1024 while the textual one is 768, and therefore, before
the inter-embedding operation, the image representation is compressed to match that of the other
modality. In the matter of employing the simple CNN, the image embedding is smaller, and so the
same procedure is applied on the textual side. All models considered in these assays were trained
during 20 epochs, using a batch size of 4 and the Adam optimizer [192].

For the sake of observing the impact of the clinical report regularization in the robustness of
the models, various interpretability saliency maps were computed. This was accomplished by
adopting the DeepLift [193] implementation available in Pytorch’s Captum library [190].

The aforementioned pre-processing operations were equally enforced for all listed models:
our baselines, DenseNet-121 and the simple CNN, and the equivalent ones with the regularization
component given by the textual embeddings calculated by the BERT framework. Accordingly, the
data breakdown engaged 55395 training samples, 476 validation samples, and 966 test samples,
while the label distribution refers to about 75% of positive cases throughout all sets. It is important
to note that in test, only images are used, even for the proposed regularized versions.

The classification task results are presented in Table 6.1 in accordance with standard accuracy
and F1 score metrics. As can be observed, in both CNN architectures, the regularization promoted

by the textual embeddings led to a significant improvement in both accuracy and F1 scores.

Table 6.1: Accuracy and F1 test scores.

Accuracy Score | F1 Score

DenseNet121 0.84886 0.90943

DenseNet121 + BERT Embedding Representation 0.86749 0.92050
Simple CNN 0.80435 0.86243

Simple CNN + BERT Embedding Representation 0.81677 0.89751

For a more complete analysis, we present the saliency maps of all models for the four possible
outcomes: positive prediction and positive label, positive prediction and negative label, negative
prediction and positive label, and negative prediction and negative label. Figures 6.3 to 6.6 present
those outcomes, with the top row of each figure showing the interpretability saliency maps gen-
erated using models based on the DenseNet-121, and the bottom row of each figure showing the
interpretability saliency maps generated using models based on the simple CNN. As can be ob-
served, the DeepLift saliency maps produced using the baselines (i.e., without the clinical report

regularization) show a dispersed awareness, with several regions of the images being highlighted



6.3 Discussion 65

as relevant for the decision, which goes against the clinical knowledge of the disease. When the
clinical report regularization is introduced, the saliency maps become more concise, producing

denser regions of importance, with that happening for both CNN models used.

Original Image

Overlayed DeeplLift

Overlayed DeeplLift
o

-100 -0.75 050 -025 000 025 050 075 100 -1.00 075 -D50 025 000 025 050 075 100

(a) Original Image. (b) DenseNet121. (c) Regularized DenseNet121.

Original Image D\ier\ayed DeeplLift Overlayed DeeplLift

-100 -075 -050 —0.25 000 025 050 075 100 -10D -075 —050 -0.25 000 035 050 075 100

(d) Original Image. (e) Simple CNN. (f) Regularized Simple CNN.

Figure 6.3: DeepLift saliency maps for positive prediction and positive label.

6.3 Discussion

The outlined research centered on the introduction of a multimodal learning setup aiming, not only,
the performance improvement of the classification task, but also in the learning of more robust
representations, leading to more trustworthy models. The regularization process induced by the
clinical reports’ data reveals promising outcomes on both counts, as it led to improvements in the
classification performance and in the quality of the interpretability saliency maps. These clinical
reports are already available, not requiring any additional annotation. Moreover, in inference, the
model does not require the text modality to perform the classification and help the diagnosis.

As shown in Table 6.1, the examples trained with BERT-based representations show trans-
versely higher test values for accuracy and F1 scores, when compared to their peer baselines.
Additionally and as expected, the DenseNet-121 achieves higher scores than the simple CNN, as
it is a more dense and complex network and has already some prior knowledge induced by the
ImageNet pre-training.

Across the diverse possible prediction-label combinations, it is possible to make a qualitative

assessment and conclude that there is clear diminished dispersion on the interpretability saliency
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(a) Original Image. (b) DenseNet121. (¢) Regularized DenseNet121.
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(d) Original Image. (e) Simple CNN. (f) Regularized Simple CNN.

Figure 6.4: DeepLift saliency maps for positive prediction and negative label.
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(d) Original Image. (e) Simple CNN. (f) Regularized Simple CNN.

Figure 6.5: DeepLift saliency maps for negative prediction and positive label.
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Figure 6.6: DeepLift saliency maps for negative prediction and negative label.
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maps linked to the multimodal-based approaches. Furthermore, it seems that the spotlight is more

circumscribed and usually present on the lower portion of the lungs, where a manifestation of the

addressed condition should prevail, indicating an excess of fluid. Overall, and in a conclusive

fashion, all extrapolated evidence confirms that the proposed approach came to fruition, leading

to better classification performance and robustness (verified via interpretability saliency maps).

Concerning forthcoming developments on this exact methodology, there are two main different

topics to which this effort could extend. Firstly it would be very interesting to apply the proposal

to a Content-Based Image Retrieval (CBIR) context, expanding the work of Silva et al. [8], and

secondly scrutinize the feasibility of broadening and generalizing the exercise to a multi-label

classification one.
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Chapter 7

Towards Multimodal Explanations
from Multimodal Data

The creation of a full multimodal quality explanation mechanism from multimodal data, as de-
scribed and defined in the goals section, involves conjugating the previously investigated and suc-
cessfully implemented methodologies, in the visual domain, to a textual explanation generation
component. In order to handle the problem, the idea and main intuition need to rely on the ra-
diology texts in as a basis for training and optimizing the textual explanations. In this sense, it
is clear that the brief rationales and indications present in the dataset are considered to serve as

explanations of satisfactory relevance.

The following sections present the conceived encoder-decoder type proposals for producing

textual explanations from images, and the experiments that ensued.

7.1 Encoder-Decoder Architecture

In the pursuit of a model capable of generating textual explanations of the desired quality, the
architecture found in Figure 7.1 was suggested. The composed configuration is based on the
resolution of Liu et al. [194], which developed a full Transformer model for image captioning.
Ultimately, the inspiration makes logical sense, since from a practical point of view the produced
operation is quite similar - generate text from an image. Following such reasoning and given a
taxonomic perspective of the system in question, it can be argued that the network is a vision
encoder-decoder model since it leans on its "visual" capabilities (interpreting image inputs) to
decode a different modality output, i.e. text.

The implemented methodology is predicated on an encoder-decoder conformation that, as
the designation indicates, can be broken down into two main components, the encoder, and the
decoder. The employed strategy relied on the use of Transformer-type models either to operate as
encoder as well as decoder. The reasons behind such a decision are expounded in the discussion

section inherent to the methodology at issue.

69
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There is no pleural effusion ... no liquid <endoftext>
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Figure 7.1: Encoder Decoder Model Architecture.

Further inspecting Figure 7.1, it is noticeable that the encoder is constituted by a N, stack of
encoder blocks accompanied by a feed-forward layer, and that each encoder block is composed
of a multi-headed self-attention layer and two feed-forward layers (noted as FFN). The decoder
component, on the other hand, is a Ng stack of decoder blocks and is also followed by a dense
layer (normally mentioned as LM Head). Each decoder block is constructed on a sequence of a
self-attention layer, a cross-attention layer, and a two-layer multilayer perceptron (MLP), marked
as FFN. Normalization operations and residual skip connections are present in between all these
core layers.

The encoder converts an input sequence into a contextualized encoded one. To do so, it needs
prior knowledge of the output’s length so it can generate, hence, intuitively, it appears to be unable
or at least limited in performing sequence-to-sequence tasks. In contrast, decoder models map en-
coded representations into a target sequence, so they seem to work well for sequence-to-sequence
assignments, but they have several restraints that hinder some of their potential, such as not being
as efficient as the encoder-based models in conveying context. Thus an encoder-decoder model
design, with the desired task in mind, becomes an even more compelling argument. The idea is
also to try to take advantage of the strengths of each of the network’s modules.

The experiments were conducted by making a few combinations of pre-trained encoder and
decoder networks. On the encoder side 3 models were used: the Vision Image Transformer
(ViT) [20], the Data-Efficient Image Transformer (DeiT) [195] and the Bidirectional Encoder Im-
age Transformer (BEiT) [196]. On the decoder side 2 configurations were enacted: a Bidirectional
BERT [40] model, and a DistilGPT2 [197] (distilled GPT?2 version).

For the sake of a more coherent and in-depth analysis, it is indeed interesting to look at the

structure of the system, in vogue, in a segmented way to better understand the functionality em-
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bedded in the framework as a whole. In this vein, the following subsections are divided in order to
describe the processes directly related to the encoder and decoder, separately, and also cover the

dissimilarities between the various encoder and decoder models.

7.1.1 Encoder Models

For all pre-trained checkpoints, regardless of individual particularities, there exists a consistent
pipeline and certain transversal features. On that note, it is essential to tackle the sequence-to-
sequence motif - image to text. The encoder-related preprocessing novelty resides entirely on the
sequencing of inputs that are partitioned into a series of image patches. For these experiments,
prior to the segmentation, resizing, normalization, and data augmentation operations that have al-
ready been mentioned in previous trials, are applied. Considering the resizing of the images to a
224x224 proportion and to maintain their full integrity, the division is done in 16x16 patches and,
as portrayed in Figure 7.1, the patches are flattened and reshaped into a 1-dimensional arrange-
ment. Then, the patch embedding - a linear embedding layer - projects each instance into a linear
tensor of size 3 x 16 x 16 = 768, being that the calculation is accomplished by multiplying the
color channels by the dimensions (height and width). The final transformation is performed by
the learnable positional embedding, common to any Transformer. A further matter to underline
is that the representation produced at the output of each encoder is passed as input to the next.
The last element produces the final image embedding and attention tensors - fed to the decoding
mechanism.

One of the advantages of the backbones under discussion is that they have all been pre-trained
on ImageNet-21k in a supervised manner, and fine-tuned on ImageNet 2012. This gives some
reassurance in a common point of knowledge acquired by all networks at the outset. All also share,
similarly to BERT, the specificity of having a classification token at the beginning of each sequence
and of each final representation. Accordingly, they are also built on the advent of possibly being
fine-tuned for downstream classification exercises.

The DeiT model extends on the Dosovitskiy et al. [20] work as it employs the vision Trans-
former and is pre-trained and fine-tuned in the same fashion, but reveals a novelty training strat-
egy that produces competitive results and requires considerably fewer resources, hence the prefix
Data-Efficient. The supposed optimization of the training process is predicated on the concept of
knowledge distillation (KD) [198]. KD is a training paradigm in which the network at the center
of the process, coined the student model, uses the output of another model’s - teacher - softmax
function as a target label. This "soft" labeling instance, instead of trying to achieve the extreme
scores (0 or 1), as in a regular supervised classification task ("hard" label), induces a much less
aggressive operation. In the DeiT case, the teacher-student relationship implies an even "harder"
technique than the illustration KD as the teacher prediction fulfills the same purpose as the true
labels. In practice, such is attained via a mechanism imposed by the so-called distillation token.
The distillation token is a token that is added at the end of a sequence of patches in the initial
embedding. It works in an analogous way to the class token in that it also interacts across all self-

attention blocks, propagates along the encoder, and is also transferred to the final representation.
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As the classification token is utilized to compute the student model-related loss, the distillation
token is operated to get the teacher’s one.

The BEiT [196], as the designation suggests intends to translate the masked language modeling
from a BERT model to an image setup. It thus applies the concept of masked image modeling to
train or pre-train a Vision Transformer. The approach involves tokenizing the image chunks as
already discussed and randomly masking some of these input tokens before passing them to the
model. In the pre-training phase, the model is set up in a way that tries to predict the masked
tokens, in this case, corrupted parts of the image that are then reconstructed. The training is
conducted in a bidirectional manner, i.e., the model has access to all the tokens that are not masked,
whether they are in a posterior or anterior position in the initial embedding. Furthermore, the BEiT
model does not include the linear layer right before the final image embedding, which is depicted
in the encoder side of Figure 7.1.

All encoder models executed a 12 stack encoder composition.

7.1.2 Decoder Models

On the decoder side, the differences are more pronounced than on the encoder side. The 2 models
used in the undertaken studies configure 2 arrangements that share some nuances (in essence
they are all Transformer models) but also entail relevant dissimilarities. Some common structural
characteristics are accosted in the latter section, however, a few notes were left undone, more
precisely in the last system’s framing, where right at the end of the last decoder structure there are
two elements through which each token representation propagates before consummating the final
model output: a fully connected layer and the softmax activation function. The softmax defines the
final probability distribution per token in the vocabulary. The higher probability-related token is
the one that is chosen as the predicted word. On that note, it is relevant to highlight the exceptional
instance of inference of the first word/token in a sequence. It is required for every input sequence
to have a special sentence start token in order to commence the whole decoding procedure. To
finish the word prediction another special token is generated - the end of sentence token.

A further fundamental issue, and therefore transversal to any decoder, is the communication
between the latter and the encoder. In any circumstance, for the designed context, the encoded
image attention tensors are operated in the decoder’s cross attention block, as represented in Fig-

ure 7.1 and it is at this stage that the representations of both modalities interconnect.

7.1.2.1 BERT as a Decoder

The applied BERT model is pre-trained on a large corpus of English data [40], in a self-supervised
fashion, taking into account the regular encoder-based format, and renders a 12-block contrivance.
Notwithstanding, that same arrangement needs to fulfill the designated decoder blueprint. In that
regard, leveraging a BERT model as a decoder can seem quite counter-intuitive, and that is the
reason why, in reality, there is a slight adjustment to the BERT’s layout when included in the whole

of the implementation. The component remains as portrayed in Figure 7.1 and, consequently, what
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occurs is that all the pre-trained parameters are synced to those of the actual decoder. The ones
that do not match the parameters of the original BERT are randomly initialized.

Another significant imposed transformation on the nature of the BERT training methodology,
allowing it to function as a decoder, is the way it computes its language modeling task. In gen-
eral circumstances, a BERT network converts an input sequence into a contextualized encoded
sequence, by virtue of its bi-directional training mechanism - the modeling takes place both from
right to left and left to right on 15% masked sequence tokens. Nonetheless, it is enforced that the
activity materializes from the rightmost token to the leftmost instance in the sequence, keeping
with the auto-regressive style of a decoder generation process. Accordingly to these alterations,
the normally called bi-directional self-attention blocks shall be referred as uni-directional. Never-
theless, at the parameter level, no modification takes place.

The pre-processing of clinical reports that are fed into the decoder can also engender a distin-
guishing trait. For the BERT case, the tokenization is handled by a WordPiece tokenizer whose
operation has already been reported. In addition to the numeric identification detailed by the
WordPiece methodology, there are special tokens such as the classification token ([cls]) that sets
the start of each sequence, and the separation token ([sep]) which represents space at the textual

level and also flags the end of the generated sequence.

7.1.2.2 DistilGPT?2 as a Decoder

The GPT2 type models are Transformer decoder-based and therefore fit the provided description
about the framework of a decoder in such conditions. They apply a uni-directional modeling
technique to establish a mapping from an input sequence to a "next-word" logit tensor, that is after
projected onto the probability distribution. In this follow-up, the block described in Figure 7.1 as
self-attention, on the decoder side, is often referred to as masked self-attention, since the tokens
to the right of the token to be consumed for generation are not available ("masked") for such
functionality.

The unloading of weights and biases from pre-trained GPT networks - also preconditioned on
a very large corpus of English data [197] in a self-supervised style - to the designed template is
seamless since the structure is the same, and there is a perfect correspondence between parameters
keys.

Regarding the GPT-specific textual treatment and tokenization procedure, it is based on a
Byte-Pair-Encoding or BPE style [199]. The BPE stratagem starts by deeming a pre-tokenizer to
divide the word corpus into words. Following the creation of a collection of unique words, the
frequency of each one is calculated. Then, a base vocabulary comprising of all symbols found in
the unique set of words is developed, and from it, the algorithm learns merge rules to combine
two symbols from the base vocabulary in order to construct a new one. It continues to do so until
the vocabulary has extended to the required size, being that in this case with the addition of two
special tokens that represent the beginning of a sentence and a separation token, it is constituted by
50259 tokens. This strategy leads the tokenizer to address spaces like a token and so thanks to the
various frequencies of the various merge operations, a word can be encoded differently depending
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on if it has a space before, after, or neither. It is noteworthy to refer to the fact that, in actuality,
the tokenizer uses a byte-level "trick” to force the base vocabulary to be 256 characters long and
so guarantee that every base character is present. Hereby it is avoided to consider all Unicode
characters as foundational ones, leading to a more compact and less memory-consuming tactic.
The 256 bytes basic tokens, the initial special end-of-text token, the symbols learned with 50,000
merges and the 2 new custom tokens make up the 50259 vocabulary size.

The regular GPT?2 checkpoint contains 12 decoder blocks, while the DistilGPT?2, used in the
assessments, configures a distilled version of 6 decoder blocks.

7.2 Materials and Methodology

7.2.1 Data

The experiments were conducted over a subset of the MIMIC-CXR-JPG dataset that was explored
in the Data section of chapter 5. This subset consisted of the already leveraged selection of only
anterior-posterior (AP) related samples. From it, two work threads were established: one manag-
ing the free-radiology texts in their integrity - Set 1 -, and one composed of only clinical report’s

sections concerning pleural effusion. - Set 2. Data examples for both are depicted in Figure 7.2.

FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICATION __ year old woman
with heart failure dyspnea Eval for pulmonary edema Eval for pulmonary edema
IMPRESSION Compared to chest radiographs since _ most recently _ Large
right and moderate left pleural effusions and severe bibasilar atelectasis
are unchanged Cardiac silhouette is obscured No pneumothorax Pulmonary edema
is mild obscured radiographically by overlying abnormalities

(b) Set 1 - Clinical report example.

No interval development of pleural effusion or pneumothorax is seen .

(d) Set 2 - Clinical report example.

(c) Set 2 - Chest X-ray example.

Figure 7.2: Set 1 example for a Pleural effusion case. Set 2 example for a non Pleural effusion case.

The Set 2 assortment procedure was assembled in an iterative style. With that said, in the

first step, every report was segmented into sentences that started with an uppercase letter. For
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the second phase, all segments are queried on the presence of the term “pleural effusion™. If the
concept is detected, the whole sentence is appointed to a sample. It is important to note that
some instances are comprised of more than one sentence as more than one fragment allude to the
requisite condition.

For the sake of a more cohesive, compact, and effective experimental setting, especially in
terms of resource management, a more specific analysis regarding the number of tokens per report
was made. For both sets, making use of the WordPiece algorithm, the demonstration shown in

Table 7.1 was produced.

Table 7.1: Token count data analysis for Set 1 and Set 2.

Set 1 (%) Set 2 (%)
Training | Validation | Test | Training | Validation | Test
Samples with more than 512 tokens 0.12 0.63 0.00 0.00 0.00 0.00
Samples with more than 300 tokens 3.23 2.73 2.17 0.004 0.00 0.00
Samples with more than 100 tokens | 71.01 74.16 76.29 3.06 4.12 3.85

The necessity to set a token maximum length for training along with the attempt of avoiding
inconvenient and unmanageable deployments resource and time-wise, lead to the decision of set-
tling for a mandatory token length of 300 for Set 1 and 100 for Set 2. The reports that did not reach
such size were padded with "ignorable" tokens, and the ones that exceeded the limit were trun-
cated. The judgment did not imply a significant loss of information since only a small percentage

of instances render above the stated thresholds.

7.2.2 Method

The proposed methodology regards the exercise of generating explanations from X-ray chest im-
ages. For this purpose, at each instance, an image is propagated through the encoder which pro-
duces a final image representation. In this process, the embedding attentions are spawned in the
encoder self-attention block. Then, the decoder engenders new outputs exploiting the cross atten-
tion mechanism that interlinks the attentions of the previous token and the attentions of the visual
embedding. Optimization is achieved via calculating the cross-entropy loss between the generated
text and the true clinical report example that is intended to be emulated as an explanation. Tactic-
wise, teacher forcing dynamics were induced, compelling the replacement of the already produced
words with their corresponding real word label. Thus at each mapping, we ensure that the decoder
conditions on the correct previous sample.

Aiming to improve the clinical relevance and correctness of the forged explanations, a regu-
larization mechanism was introduced. The intuition is that by utilizing the embeddings of each
modality it is possible to extrapolate classification exercises that affect the overall loss. In this re-
spect, three settings are established: explanation generation with text classification regularization,
explanation generation with image classification regularization, and explanation generation with

image and text classification regularization.
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To prompt the textual classification apparatus into the addressed system, some adjustments
need to be executed. As depicted in Figure 7.3, the last hidden state of the textual representation
(in green), that precedes the probability distribution operation, is pooled and propagated towards

binary classification-ready logits.

There is no pleural effusion ... no liquid <endoftext>
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Figure 7.3: Encoder Decoder Model Architecture - Text Classifier regularization.

In such version, the final loss function, represented in Equation 7.1, adds the cross-entropy
between the image labels and the predictions produced from the decoder branch to the explanation

generation term.

og/ﬂfinal = Afgenfgen (ytrue , ygen) + Mext Liext (ytrue , ypred) (7.1)

The image classification regularization stratagem differentiates itself via coupling the classifi-
cation task to the encoder side. The segment, rendered in Figure 7.4 starts with an average pooling
operated on the image embedding last hidden state so that a two-dimension tensor suited label
prediction is obtainable.

The final loss for the image-related regularization procedure is represented in Equation 7.2.
Once again two clauses arise - the cross-entropy for the text decoding and the cross-entropy image

classification assignment.

gfinal = lgeno%en (ytrue ) ygen) + limgo%mg (ytrue ) ypred) (72)

Finally, and encompassing both previous proposals, a parallel text and image classification

was introduced into the system. In fact, Figure 7.5 describes such combination. Moreover, the
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FFN + Softmax

FFN There is no pleural effusion ... no liquid <endoftext>
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Figure 7.4: Encoder Decoder Model Architecture - Image Classifier regularization.

double regularization-related loss function mirrors such effect with the presence of three terms in

Equation 7.3, thus yielding one parcel for the master task and two for the classification functions.
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gfinal = /lgenggen (ytrue P ygen) + af)‘e)cl«=£/€e)cl (ytrue ) ypred) + kimgogimg (ytrue ) ypred) (73)

7.2.3 Evaluation

The evaluation stage presents itself with a twofold focus: a quantitative component consisting of a
set of metrics that are appropriate for text generation tasks such as image captioning and machine
translation, and a more subjective dimension based on the interpretation of the clinical coher-
ence and correctness of the generated reports/explanations. The covered metrics are Bilingual
Evaluation Understudy (BLEU) [200] in 1-gram, 2-gram, 3-gram and 4-gram style, Metric for
Evaluation of Translation with Explicit Ordering (METEOR) [201], Recall-Oriented Understudy
for Gisting Evaluation (ROUGE-L) [202], and Consensus-based Image Description Evaluation
(CIDEr) [203].

The BLEU metric score is sentence-based. The method involves comparing n-grams in the
generated sequence to n-grams in the reference/label one, where each token is considered a 1-
gram or unigram. Word order, comprehensibility, or grammatical correctness are not accounted
for. METEOR renders a slightly more sophisticated approach. It is averred on the harmonic mean
of recall and precision, given that recall is more heavily weighted than precision. It also conveys a
broad notion of unigram matching in which the latter can be expressed in surface forms, stemmed
forms, and meanings, and applies a fragmentation metric intended to directly portray an order
grade. ROUGE-L assesses the longest common subsequence (LCS) between output and label
meaning that the longest shared succession of tokens between the two is collected. The premise
is that the longer the shared sequence the more similarity is suggested. It addresses recall and
precision calculations but for this LCS conjuncture. For CIDEr all words are mapped to their
root format and evaluated in a custom n-gram paradigm, as the more common n-grams are lesser
weighed. The final score is estimated via the average cosine similarity between the candidate
sentence and the label.

Supplementarily, prediction performance, for the configurations with classification segments
is also assessed. The accuracy and F1 scores serve as a somewhat of a sanity check, as in an as-
surance that the network is, at least, fairly concordant with the ground truth label for the addressed

condition.

7.3 Results

This time around, Set 1’s data partition was settled to 55395 training samples, 476 validation
samples, and 966 test samples, while the undertaken handling for the establishment of Set 2 yielded
an arrangement of smaller size: 47993 training samples, 412 validation samples, and 856 test
samples. This may be because, possibly, some instances whose pleural effusion labels are defined
(positive or negative) possess reports without any reference to the aforementioned condition, or
that its description has no direct attribution of the expression "pleural effusion”. In addition, the

label arrangement matches that of chapter 6 for both sets.
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The training hyper-parameters are uniform across assays: a 20 epoch training, batch size of
4, a maximum sequence length of 300 tokens for Set 1 and 100 tokens for Set 2, a learning rate
of 5x107, and weight decay of 1x10®. The chosen optimizer was AdamW [192]. To tackle
evaluation, the generation procedure was conducted in batches of 32 with a maximum generation
length of 300 (Set 1) or 100 (Set 2) and a minimum generation size of 3.

The results shown in Tables 7.2 to 7.4 reveal a quantitative evaluation of the aforementioned
metrics for a number of encoder-decoder configurations, pertaining to Set 1. They also reflect
that same evaluation for ablation studies with the text, image, and text and image classification
regularization mechanisms. These rely on the DeiT + DistilGPT2 configuration as the baseline,
since the latter turned out to show better and more consistent performance in terms of overall
metrics.

Regarding Set 2 (Tables 7.5 to 7.7), the quantitative examination is executed only taking into
account the ablation studies of the various classification regularization mechanisms. Three ver-
sions of the regularization using the textual embedding are assessed: classification segment trained
from scratch ("DeiT + DistilGPT2 Text Classification"), classification segment pre-trained in a
text classification task ("DeiT + DistilGPT2 Text Classification with pre-trained mlps"), encoder-
decoder system pre-trained on the same textual explanation generation task with classification seg-
ment trained from scratch ("Pre-trained DeiT + DistilGPT2 Text Classification"). For the image-
concerned regularization strategy two renditions are considered: classification head trained from
scratch ("DeiT + DistilGPT2 Image Classification"), classification head pre-trained in an image
classification task ("DeiT + DistilGPT2 Image Classification with pre-trained mlps"). The dual
regularization instance - text and image-related classification - exhibits identical conformations
- "DeiT + DistilGPT2 Image and Text Classification” and "DeiT + DistilGPT2 Image and Text
Classification with pre-trained mlps ".

A relevant caveat to keep in mind, is that for each metric, the results from Tables 7.2 to 7.7 are
averaged on the number of scores obtained per sequence in each set.

For Set 1, the training (Table 7.2), validation (Table 7.3), and test (Table 7.4) outcomes trans-
late the cross-sectional tendency for the ViT + DistilGPT2 and DeiT + DistilGPT2 setups to be
more capable of reproducing the intended output. Furthermore, at test time, the image + text

classification regularization appears to slightly improve the CIDEr score.

Table 7.2: Set 1 - Explanation Generation Metrics for training set.

BLEU_1 | BLEU_2 | BLEU_3 | BLEU_4 | METEOR | ROUGE-L | CIDEr

ViT + DistilGPT2 0273 | 0.174 | 0126 | 0.101 0.147 0262 | 0.062

DeiT + BERT 0255 | 0156 | 0107 | 0078 0.143 0239 | 0.024
DeiT + DistilGPT2 0273 | 0174 | 0.127 0.1 0.146 0.265 | 0.024
BEiT + DistlGPT2 0273 | 0169 | 0122 | 0097 0.138 0255 | 0.049
DeiT + DistlGPT2 0.266 0.167 0.121 0.096 0.142 0259 | 0.053

Text Classification
DeiT + DistilGPT2
Image Classification
DeiT + DistilGPT2
Image and Text Classification

0.262 0.165 0.119 0.090 0.138 0.260 0.058

0.269 0.169 0.121 0.096 0.142 0.262 0.054
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Table 7.3: Set 1 - Explanation Generation Metrics for validation set.

BLEU 1 | BLEU 2 | BLEU 3 | BLEU 4 | METEOR | ROUGE-L | CIDEr
ViT + DistilGPT2 0274 | 0.176 0.128 0.103 0.149 0.266 | 0.089
DeiT + BERT 0.253 0.157 0.107 0.079 0.144 0241 | 0.038
DeiT + DistilGPT2 0277 | 0,178 | 0.129 | 0.103 0.148 0266 | 0.061
BEIiT + DistilGPT2 0.265 0.166 0.120 | 0.09 0.139 0255 | 0.039
DeiT + DistilGPT2 0266 | 0.168 0.121 0.097 0.145 0265 | 0.053
Text Classification
DeiT + DistilGPT2 0.266 0.163 0.115 0.089 0.145 0260 | 0.054
Image Classification
DeiT + DistlGPT2 0.265 0.167 0.120 0.095 0.143 0262 | 0.055
Image and Text Classification

Table 7.4: Set 1 - Explanation Generation Metrics for test set.

BLEU 1 | BLEU 2 | BLEU 3 | BLEU 4 | METEOR | ROUGE-L | CIDEr
ViT + DistilGPT2 0.247 0.137 0.084 0.058 0.131 0222 | 0.054
DeiT + BERT 0.229 0.126 0.073 0.047 0.126 0206 | 0.029
DeiT + DistlGPT2 0.252 0.140 0.085 0.058 0.132 0222 | 0.054
BEIT + DistilGPT2 0.248 0.133 0.079 0.054 0.125 0215 | 0.046
DeiT + DistilGPT2 0.230 0.126 0.077 0.053 0.127 0218 | 0.045
Text Classification
DeiT + DistilGPT2 0.240 0.131 0.079 0.055 0.127 0219 | 0.050
Image Classification
DeiT + DistlGPT2 0.242 0.133 0.080 0.055 0.128 0222 | 0.057
Image and Text Classification

In furtherance, for Set 2 there is also a consistent pattern across train (Table 7.5) validation
(Table 7.6) and test (Table 7.7), with the highest potential results for BLEU and METEOR being
the joint regularization strategy, and for ROUGE-L and CIDEr being the baseline model.

Table 7.5: Set 2 -Explanation Generation Metrics for train set.

BLEU_1 | BLEU 2 | BLEU 3 | BLEU_4 | METEOR | ROUGE-L | CIDEr
DeiT + DistilGPT2 0.088 | 0.061 0.044 | 0.030 0.106 0304 | 0.664
DeiT + DistilGPT2 009 | 0062 | 0045 0.030 0.106 0302 | 0.652
Text Classification
DeiT + DistilGPT2 0110 | 0074 | 0051 0.033 0.108 0297 | 0.614
Text Classification with pre-trained mlps
Pre-trained DeiT + DistilGPT2 0.118 | 0078 | 0052 | 0032 0.107 0304 | 0656
Text Classification
DeiT + DistilGPT2 0.081 0.056 | 0040 | 0.027 0.103 0296 | 0.632
Image Classification
DeiT + DistiIGPT2 0.111 0075 | 0050 | 0031 0.113 0294 | 0610
Image Classification with pre-trained mlps
DeiT + DistilGPT2 0130 | 0.087 | 0.061 0.039 0.113 0299 | 0.592
Image and Text Classification
DeiT + DistiIGPT2 . 0095 | 0066 | 0046 | 0.031 0.107 0299 | 0.616
Image and Text Classification with pre-trained mlps

An important contribution towards a genuine consolidation of a proper evaluation, in such a
framework, is to precisely review the product explanations. As of today, no effort has been able to
engineer metrics that nearly reach or surpass human capacity in encompassing an understanding
of what is a good match between two sentences, between two sequences. In that regard, with

the infeasibility of including all the test examples, Figure 7.6 serves to depict an example of all



7.3 Results

Table 7.6: Set 2 -Explanation Generation Metrics for validation set.
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BLEU_I | BLEU_2 | BLEU_3 | BLEU_4 | METEOR | ROUGE-L | CIDEr
DeiT + DistlGPT2 0.066 | 0046 | 0032 | 0021 0.095 0282 | 0.607
DeiT + DistilGPT2 0.069 | 0046 | 0032 | 0.020 0.096 0277 | 0.624
Text Classification
DeiT + DistilGPT2 0.086 | 0059 | 0.041 0.026 0.100 0278 | 0.589
Text Classification with pre-trained mlps
Pre-trained DeiT + DistilGPT2 0097 | 0064 | 0042 | 0025 0.098 0285 | 0.634
Text Classification
DeiT + DistilGPT2 0058 | 0040 | 0029 | 0.019 0.093 0273 | 0.622
Image Classification
DeiT + DisilGPT2 0.080 | 0.051 0038 | 0022 0.093 0263 | 0555
Image Classification with pre-trained mlps
DeiT + DistilGPT2 0.107 | 0070 | 0047 | 0.029 0.103 0277 | 0.604
Image and Text Classification
DeiT + DistilGPT2 . 0084 | 0057 | 0040 | 0.026 0.101 0283 | 0.604
Image and Text Classification with pre-trained mlps

Table 7.7: Set 2 -Explanation Generation Metrics for test set.

BLEU_I | BLEU_ 2 | BLEU_3 | BLEU_4 | METEOR | ROUGE-L | CIDEr
DeiT + DistilGPT2 0.098 0.068 0.050 | 0.034 0.110 0292 | 0.542
DeiT + DistilGPT2 009 | 0070 | 0050 | 0035 0.111 0294 | 0.546
Text Classification
DeiT + DistilGPT2 0122 | 0085 | 0061 | 0.042 0.115 0298 | 0.554
Text Classification with pre-trained mlps
Pre-trained DeiT + DistilGPT2 0137 | 0.091 0.060 | 0.037 0.112 0289 | 0476
Text Classification
DeiT + DistilGPT2 0.088 0062 | 0044 | 0.030 0.106 0287 | 0497
Image Classification
DeiT + DistilGPT2 0.110 | 0.077 0.054 | 0.037 0.110 0290 | 0514
Image Classification with pre-trained mlps
DeiT + DisilGPT2 0.132 | 0089 | 0.062 | 0.040 0.115 0289 | 0.467
Image and Text Classification
DeiT + DistlGPT2
Image and Text Classification with pre-trained mlps 0.102 0.071 0.051 0.034 0107 0.286 0.486

model’s output for Set 1. In it, the allusions to pleural effusion diagnosis are underlined so it is

more straightforward to inspect. As beheld in this circumstance, merely the ViT + DistilGPT2 and

custom-engineered approaches are clinically concordant with the ground truth.

Figure 7.7 and Figure 7.8 show a group of illustrations for Set 2, where the text classifica-

tion and text and image classification regularization systems achieve satisfactory deliverables, in

contrast to the remaining solutions.

Conversely, Figure 7.9 sustains an example where all four methodologies are concordant with

one another but fail to replicate the actual description of the case in hand.

Tables 7.8 and 7.9 illustrate the accuracy and F1 scores for the introduced classification heads,

at inference time.

Table 7.8: Set 1 - Accuracy and F1 test scores.

Accuracy Score | F1 Score

DeiT + DistilGPT2 for Image Classification 0.86542 0.61765

DeiT + DistilGPT?2 for Text Classification 0.99362 0.98832

DeiT + DistilGPT?2 for Image and Text Classification - Image head 0.85921 0.57233
DeiT + DistilGPT?2 for Image and Text Classification - Text head 0.99482 0.98680
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Ground Truth: FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICATION ____ year old man with CHF exacerbation and
worsening hypoxia Eval for interval change Eval for interval change IMPRESSION Compared to chest radiographs ___ through ___
Mild pulmonary edema has worsened accompanied by increasing moderate cardiomegaly and increasing small bilateral pleural
effusions No pneumothorax

ViT + DistilGPT2: FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICATION ___ year old man with CHF and COPD with
worsening hypoxia and tachypnea Eval for worsening pulmonary edema Eval for worsening pulmonary edema IMPRESSION
Comparison to ___ The pre existing parenchymal opacities have minimally decreased in extent and severity The lung volumes
have increased likely reflecting improved ventilation Moderate cardiomegaly persists left pleural effusion No pneumothorax

DeiT + BERT: final report examination chest portable ap indication _ _ _ year old man with hypoxia and hypoxia eval for interval
change eval for interval change impression compared to chest radiographs _ _ _ through _ _ _ mild pulmonary edema has
improved substantially since _ _ _ but moderate cardiomegaly is still present and enlarged comparing to last radiographs No
pneumothorax

DeiT + DistilGPT2: FINAL REPORT INDICATION ___ year old man with SOB and fever cough PNA TECHNIQUE APsingle view
COMPARISON ___ FINDINGS Lines and Tubes Stable right IJ line tip position Lungs Low lung volumes with mild worsening of
pulmonary edema Pleura Small left pleural effusion Mediastinum Stable cardiomegaly Bony thorax No change IMPRESSION Mild
interval worsening of pulmonary edema with unchanged left pleural effusion and cardiomegaly

BEIT + DistilGPT2: FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICATION ___year old man with CHF exacerbation and
new 02 requirement Please evaluate for pulmonary edema Please evaluate for pulmonary edema IMPRESSION In comparison
with the study of ___ there is again enlargement of the cardiac silhouette with pulmonary edema and moderate pleural effusion
with compressive atelectasis at the bases In view of the extensive pulmonary changes it would be impossible to exclude
superimposed pneumonia in the appropriate clinical setting especially in the absence of a lateral view

DeiT + DistilGPT2 Text Classification: FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICATION ___year old man with CHF
and worsening hypoxia eval for pulm edema eval for pulm edema IMPRESSION In comparison with the study of ___ the cardiac
silhouette is more prominent and there is again evidence of elevated pulmonary venous pressure Retrocardiac opacification is
consistent with volume loss in the left lower lobe and small pleural effusion

DeiT + DistilGPT2 Image Classification: FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICATION ___ year old man with CHF
and COPD exacerbation eval for pulmonary edema eval for pulmonary edema IMPRESSION In comparison with the study of ___
the monitoring and support devices are unchanged Continued enlargement of the cardiac silhouette with pulmonary vascular
congestion and bilateral pleural effusions with compressive atelectasis at the bases

DeiT + DistilGPT2 Image and Text Classification: FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICATION ___ year old man
with CHF exacerbation and worsening hypoxia eval for worsening pulmonary edema eval for worsening pulmonary edema
IMPRESSION In comparison with the study of ___ the cardiac silhouette is more prominent and there is increased indistinctness of
pulmonary vessels consistent with elevated pulmonary venous pressure Retrocardiac opacification is consistent with volume loss
in the left lower lobe and small pleural effusion

Figure 7.6: Generated explanations example for test set - Set 1.

Table 7.9: Set 2 - Accuracy and F1 test scores.

Accuracy Score | F1 Score

DeiT + DistilGPT?2 for Image Classification 0.85280 0.63372

DeiT + DistilGPT2 for Image Classification with pre-trained mlps 0.87335 0.70422

DeiT + DistilGPT?2 for Text Classification 0.98832 0.97175

DeiT + DistilGPT?2 for Text Classification with pre-trained mlps 0.98961 0.97287

Pre-trained DeiT + DistilGPT?2 for Text Classification 0.98044 0.96100

DeiT + DistilGPT2 for Image and Text Classification - Image head 0.85514 0.60759

DeiT + DistilGPT2 for Image and Text Classification - Text head 0.98715 0.96906

DeiT + DistilGPT?2 for Image and Text Classification with pre-trained mlps - Image head 0.86446 0.62573
DeiT + DistilGPT2 for Image and Text Classification with pre-trained mlps - Text head 0.98882 0.97550

For both sets, text classification clearly displayed better results. This outcome is to be expected

on the line of thought that it is more accessible to extract a class from textual data than from image
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Ground Truth: Minimal right pleural effusion is noted . Mild to moderate pulmonary edema slightly worse in the
interval with trace right pleural effusion and bibasilar atelectasis .

DeiT + DistilGPT2: No pleural effusions.
DeiT + DistilGPT2 Text Classification: Moderate right pleural effusion is larger.
DeiT + DistilGPT2 Image Classification: No pleural effusions.

DeiT + DistilGPT2 Image and Text Classification: There is a moderate right pleural effusion. Moderate right pleural
effusion

Figure 7.7: Example 1 of generated explanations for test set - Set 2.

Ground Truth: Possible sml pleural effusions .

DeiT + DistilGPT2: No pleural effusions.
DeiT + DistilGPT2 Text Classification: Small right pleural effusion is unchanged.
DeiT + DistilGPT2 Image Classification: No pleural effusions.

DeiT + DistilGPT2 Image and Text Classification: There is a small right pleural effusion. Small right pleural effusion.

Figure 7.8: Example 2 of generated explanations for test set - Set 2.

data. Such is also proved in both combined regularization settings, where the text-related heads

made more effective predictions than the image concerning ones.

7.4 Discussion

In the scope of reproducing quality textual explanations from the chest X-ray images, the exper-
iments were conducted only with Transformer based architectures. Such was mainly due to the
combination of three factors: there was limited time for the execution of trial runs, the assembly
process of a vision encoder-decoder for full transformer-based models is more convenient granted
some tools and frameworks made available in Python libraries such as transformers from Hug-
gingFace [204], and some works like [194] report that a full transformer approaches can achieve
state-of-the-art performances when it comes to vision encoder-decoder methodologies. Further-
more, as another restriction to be adopted, the ablation study is grounded on a single configuration
- DeiT + DistilGPT2 - simply to allow for a more concrete and concise assessment. This encoder

and decoder model preference was primarily motivated by the composition’s metric appraisal and
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Ground Truth: No pleural effusions or pneumothoraces .

DeiT + DistilGPT2: Small right pleural effusion is unchanged.
DeiT + DistilGPT2 Text Classification: Small right pleural effusion is unchanged.
DeiT + DistilGPT2 Image Classification: Small bilateral pleural effusions are present.

DeiT + DistilGPT2 Image and Text Classification: Small right pleural effusion is unchanged.

Figure 7.9: Example 3 of generated explanations for test set - Set 2.

by the fact that the combination requires fewer parameters to optimize, as opposed to other base-
lines, and therefore is less costly in terms of resources and time.

A precursive thought on which it is worth reflecting before pondering on the scrutiny of the re-
sults themselves is the shared resemblance in performance between models that have DistilGPT2
as the decoder. Given that these models use exactly the same decoder and virtually presuppose
the same encoder structure - the distinguishing consideration being pre-trained on dissimilar tech-
niques - and provided that fine-tuning is executed on the same downstream task, in equal condi-
tions, it is logical to arrive at comparable outcomes.

In terms of the subjective review of the texts generated at test time, there are several ideas to
retain and comparative studies from which some conclusions can be extrapolated. Initially, con-
sidering Set 1, and in agreement with what is the reality in the metric investigation, the different
variations and combinations of encoder and decoder, that constitute distinct configurations, do not
produce very dissimilar outputs, with the exception of the DeiT + BERT conformation, which by
having an uncased type decoder and two encoder kind components translates into somewhat diver-
gent end products. Such is verified by the example in Figure 7.6, where, in a singular way, besides
being completely under-cased, the explanation does not mention the theme under consideration.
Likewise confirming the exclusive lack of effectiveness, the model is also connected to the worst
performance across metrics.

In general, these baseline strategies based only on the normal encoder-decoder structure present
a fluid discourse but, typically, utterly miss clinical correctness for most of the descriptions. Also,
the vast majority of the plotted examples are quite misaligned with information retained in the
corresponding images. Additionally and in contrast, oftentimes, the pleural effusion diagnosis is
correctly recorded (Table 7.8), however, this is possibly due to the greater number of positive cases
in the dataset. Moreover, in this same majority, the concordant indication at the label level does
not seem to maintain rigor when identifying characteristics associated with, for example, spatial
location or state of the condition in focus. In Figure 7.6 such is described when the ground truth
report reveals that there are "small bilateral pleural effusions” and generated texts defend con-

clusions like "unchanged left pleural effusion” or " moderate pleural effusion". Ultimately, akin
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ineffectiveness is aligned with the lack of clinical relevance of observations unrelated to pleural
effusion, as well. Without any reinforcement or greater induced weight on the clinical perspective,
the high frequency of reference to pleural effusion introduced in training turns out not to be very

effective on its own.

A supplementary aspect concerning the exercise on Set 1 is the large repetition of sentence be-
ginnings is evident throughout test examples, which is natural considering the fact that throughout
the dataset sequences like "FINAL REPORT EXAMINATION CHEST PORTABLE AP INDICA-
TION ____ year old man/woman" are extremely recurrent. Other very usual terms are also count-
lessly brought about at generation time, namely "compressive atelectasis at the bases", "worsening

hypoxia" and "unchanged".

The submission of the regularization techniques to the system presupposes some relevant as-
pects to be detailed. Firstly, and for the three forms of regularization there does not appear to
exist a comprehensive clinical fidelity improvement on all fronts. When it comes to the totality of
the content for each text, the inconsistencies and incongruities remain untouched. Anyhow, with
respect to purely-associated pleural effusion subject matter, there are some occurrences, like the
ones present in the elated figure, which seem to be vaguely more correct or accurate when com-
pared to the baseline counterparts. This event sounds even more feasible when considering that
the operational regularization adjustment is affiliated with a pleural effusion binary classification
task. Moreover, across the three mechanisms, there is not a great deal of discrepancy, meaning
that in certain examples the image classification regularization entails the better explanation, in
others the text classification regularization or the combined one serves as a more viable option. In
Figure 7.6, for example, all three introduce some relevant nuance, but they also seem to lead to
similar errors in other readings. On that note, none look to be particularly more efficient than the
other, as one might expect, since the textual regularization or the joint approach hold information
that is already treated or processed by human understanding. In fact, the latter two are almost al-
ways in concordance with one another which discloses a stronger influence from the decoder side.
It should also be noted that the pertained sequences maintain equivalent repetition tendencies and
dispositions.

The results in Set 2 exhibit greater consistency of clinical correctness all across. Thus, it
appears that reducing the dataset to only pleural effusion-related references translates into more
effective clinical insight, especially in the model’s output ability to match the desired label. Nev-
ertheless, there is also a widespread improvement in identifying, for example, the location ("left",
"right" and "bilateral") and/or severity ("small", "moderate", "large") when compared to the obser-
vations created in Set 1. One pattern that persists is that the training data, by virtue of entailing a
somewhat standardized and consequently repetitive writing methodology induces this nature even
more visibly, in the test outcomes. Thus, there are pieces of text such as "No pleural effusions."”,
"pleural effusions are presumed"”, or "pleural effusion is unchanged" that appear over and over

again throughout the various produced examples.

Focusing on the influence exerted by the regularization techniques, for Set 2, there are some

notes to be retained. Overall, once again, their weight does not seem to have much impact as
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in most cases there seems to be accordance across all methodologies in the identification of the
presence or absence and characteristics of pleural effusion. Such is proved by the consistent results
exhibited across Table 7.7. Nevertheless, the regularised impression does seem to be greater than
that witnessed in the peer set of data. The examples of Figure 7.7 and Figure 7.8 show that the
effect of text classification and both text and image classification correct the poor assessment
of the baseline approach, even if the description is not completely accurate. Additionally, the
text classification and text and image classification regularization approaches’ results are even
more almost exclusively in agreement, while image classification and the regular model are also
typically aligned. This reflects a further stronger impact of the text-driven regularization than
the visual counterpart. On another note, Table 7.9 demonstrates, comprehensively, a very strong
alignment between the classification outputs and the ground truth labels, and besides that, it also

indicates a more consistent text-driven drill.

Metric-wise, the major highlight lies in the fact that there are clear differentiating patterns
between the range of metric values from Set 1 to Set 2. If for BLEU and METEOR scores Set 1’s
experiments lead to better outcomes, such a development follows a reverse course for the more
sophisticated metrics - ROUGE-L and CIDEr. Said event, essentially allows for two key readings.
Knowing that the BLEU and METEOR metrics mostly contemplate the broad precision and recall
of instances per sequence, over contextual insertion or textual significance, Set 1’s illustrations end
up being favored due to the conjugation of the specific nature and domain in which the dataset is
inserted. This means that larger-sized samples - upon a reduced-range vocabulary range and longer
sequences - afford a higher probability of yielding words that are contained in the referenced
sequence and therefore achieving better performances in such metrics. In the opposite direction,
ROUGE-L and CIDEr favor Set 2’s samples, because there exists a higher quantity of sequences
that are fully concordant with the label sequences, thus, in actuality, promoting similarity in terms
of content and sentence order. The nature of shorter sequences in Set 2 plays a substantial role in

this distinguishing factor.

A final remarkable trend is the consistency with which the collective regularization delivers
better outcomes for "less relevant” metrics in Set 2 and worse results for the remaining ones.
Apparently, the effect under review produced a greater affinity between generated sequence and

ground truth one only at the word level.

To conclude the discussion it is appropriate to enunciate some proposals that were also thought
of in the scope of the experiments, either as complementary ideas, or alternative solutions to over-
come the registered limitations. In that regard, ideas such as applying self-critical training [205]
in order to directly optimize the metrics at issue could guide toward major improvements, since in
theory, the end products are bound to be rather more correspondent to the underlying label clinical
reports. In fact, an attempt at emulating the aforesaid technique was executed, but it did not un-
cover much success due to the very difficult managing of the required resources/time allocation.
Another idea that may be useful to consider in the future would be to incorporate a contrastive loss
into the system, as explored in [206]. The paradigm of minimizing the distance between similar

examples and maximizing it for dissimilar ones may be a valuable addition to the already explored



7.5 Multimodal Explanation System 87

regularizing dynamics.

7.5 Multimodal Explanation System

The design of an inference-ready fully integrated multimodal explanation system is presented in
Figure 7.10.

There is left pleural effusion ... <endoftext>

e mj Prediction
Image Embedding Text Embedding

Decoder Block

Encoder Block

. <startoftext> There is left pleural effusion ...

Figure 7.10: Full System for generating multimodal explanations.

Upon receiving a chest x-ray image, on the encoder side, a saliency map is rendered in com-
pliance with certain a prediction. On the decoder side, with the flow of information coming from
the encoder, the report-like explanation is generated token by token.

It is substantial to note that the encoder block should be pre-trained according to the methodol-
ogy presented in chapter 6. In this way, it is possible to transport the visual saliency map quality en-
hancing characteristics to the desired framework, while maintaining the proposed encoder-decoder
structure.

Furthermore, some fine-tuning tactics over the global structure could be tested. For instance,

one could witness the effect that fine-tuning, at the same time, the classification and text generation
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tasks would have on the visual explanations. On that matter, one could even, for example, freeze

the parameters of the entirety of the encoder block and only retrain the remaining components.



Chapter 8

Conclusions

The dissertation proposes to investigate and prospect multimodal solutions (textual and visual) for
generating explanations in a medical or clinical setting. In this manner, there is an attempt to pro-
mote the complementarity of explanations and increase diversity and, consequently, the likelihood
of acceptance by stakeholders. To attain such a proposal, two aspects are required: guarantee the
feasibility of unimodal tasks, where both visual and textual explainability techniques can mini-
mally fulfill what is expected of them, being coherent and clearly interpretable; ensure forms of
multimodal interaction in which the sharing and/or transfer of knowledge between multimodal

approaches is maximized with a perspective of achieving quality compliance for the explanations.

Considering the diagnostic domains or assignments where visual evidence is normally relied
upon, the relevance of establishing methodologies for merging visual saliency maps with semantic
concepts incorporated in textual explanations is substantial. In this vein, the fundamentally in-
novative aspect is present in the multiple creations of explanations. That is, granted the example
of a chest X-ray, it should be possible to obtain a decision supported by the demonstration of the
pixels considered in it, and by a free-text radiology report style description that complements the
previous explanation.

The purely unimodal work and the textual regularization experiments translated into a initial
clear evolution towards the final and decisive goal of the thesis, given that the carried out experi-
ments explore various algorithms for the accession of saliency maps, and mainly study multimodal
learning approaches. The analysis of techniques for generating visual maps serves, precisely, to
be better able to establish robust explainability strategies on their own. The multimodal research,
on the other hand, motivates the importance of knowledge exchange between representations of
different modalities. The covered coordinated approach has proved that the interplay between em-
beddings can be essential for the improvement of explanation mechanisms, and it is in this sense
and perspective of inter-modality linkage that a truly effective diversification in explanations can
be implied.

The work in chapter 7 attempts at optimizing the representation inter-operability for a textual
generation task, with the intention to deepen and further test the consideration of multimodal

learning. It mirrors an effort to fulfill the remaining dissertation objectives.
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A more general and encompassing appreciation of what was the work developed in the scope of
the dissertation needs to point out that the potential demonstrated by the multimodal regularization
approach clearly showed more satisfactory and evident results in the image classification exercise
than in the explanation generation experiments. Regardless, one must reflect and realize that the
dissertation work constitutes a foundation for more extensive studies and examinations to be had.
There are many paths and perspectives to be researched and investigated in order to achieve quality
and robust multimodal clinical explanations. Moreover, the employed methodology presented
some encouraging signs that result in redoubled motivation to extend and expand the project.

Another discussion to be had with respect to Chapter 7’s assay, in particular, concerns the type
of targeted explanations and their practical viability. In the defined setting, the conceived texts are
extremely dependent on the type of clinical data used in the training process, hence manifesting a
report-based quality. The explanation is conditioned on the structure of the ground truth report, on
the presence or absence of a template or systematized way of writing, and mainly on the kind of
reasoning and conclusions that are demonstrated. In this sense, and in light of the exerted dataset
characteristics, it is of accessible understanding that the model’s output follows a demonstrative
tendency, based on illustrations of condition severity and spatial location instead of cause-effect
accounts. In any case, gauging their essence and comparing them with what is established in vi-
sual salience maps - considered in Chapter 6 - a correspondence of similar typology regarding
the techniques’ conveyed information is discernible. The validation of explanations of this kind is
reliant on their capacity to highlight instances whose influence or contribution is significant for a
model to make a certain decision or perform a certain task. In this work such viewpoint is accom-
plished for two different modalities, thus there exists framing for combinations of explanations
and, consequently expanding the probability of acceptance from stakeholders.

I would further like to point out that it would have been valuable to actually deploy a complete
multimodal generation system, not only to validate and formalize all the experimental efforts but
also to expand on other exploratory perspectives.

Finalizing this set of concluding remarks, it should be highlighted that the efforts of this thesis
aim to make a valuable contribution to the field of XAI, and more specifically to its applicability
to healthcare services. This involvement is placed within the scope of the defense of a multiplicity
of explanatory formats for systems in a clinical environment. In that fashion, a variety of explana-
tions does not only help to clarify the role of models and neural networks in their tasks but also,
allows for greater trust and acceptance. Therefore, complementarity and diversity of explanatory

approaches are vital for the real employment of Al solutions in medicine.
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