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Abstract

PhD in Biomedical Engineering

Spatial Awareness and Logic for Robust Visual Question Answering

by Tascén Morales Sergio

In recent years, deep learning models have become an integral part of the daily lives of millions,
extending their influence into specific domains such as medicine. The integration of vision and
language capabilities has notably facilitated smoother interactions between users and models.
Questions and answers have long served not only as a means of interaction with machines
but also as a test for evaluating their level of intelligence. In particular, inquiries related to
visual content, encapsulated by Visual Question Answering (VQA), provide a mechanism to
probe a model’s visual understanding. In the medical domain, this aspect holds considerable
significance, given the crucial role that trust plays in the adoption of these systems by medical
professionals. However, the often opaque nature of most models hinders the assessment
of true visual understanding, concealing potential shortcuts and biases. Crucial aspects of
reasoning, such as compositionality and consistency, are at times overlooked in favor of high
overall performance. In line with this perspective, this work introduces several contributions
in the domains of localized questions and consistency for VQA.

The first part of the thesis explores questions about specific image regions. Two distinct
methodologies are proposed. The first method employs a localized attention mechanism,
integrating information about the target region through a binary mask. Localized attention
allows the network to consider contextual cues necessary for answering the question, focusing
subsequently on the region specified by the user. The second method extends the concept of
localized questions to Multimodal Large Language Models (MLLMs) by introducing targeted
visual prompting. Here, a customized visual prompt is formulated, encompassing the isolated
region and its contextual representation within the image.

The second part of the thesis focuses on avoiding contradictions by enhancing consistency.
The first method involves categorizing queries as perception vs. reasoning questions and
utilizing a loss function term to penalize inconsistencies during training. The second method
proposes a broader interpretation of consistency in VQA based on logical relations and in-
troduces an auxiliary method for predicting these relations. Similar to the first method, this
approach employs a loss term to enforce more consistent behavior during the training phase.






Acknowledgements

Every book needs an author. My life contains pages of many types; some are blurry, some are
crumpled, some are torn, some are black and white, some are colorful, some are stunning,
some are full, and some are empty. I can only be thankful to my Author when I reread them.
Though the pages looked like a randomly assembled collage at some point, they make sense
together today. Through His mercy and love, I trust that the empty pages will be filled with
everlasting words and art.

Every pupil needs a master, a role model, someone who started the journey first and is willing
to guide, share knowledge, encourage, and correct. [ was fortunate enough to have two of them
during this adventure. I thank Prof. Dr. Raphael Sznitman for granting me the opportunity to
work in his lab under his supervision. For looking at me in full size and not as a dot from the
humongous mountain he has climbed. For being humble and kind, for always being willing
to help and to discuss, and for patience. I thank Dr. Pablo Marquez-Neila for not letting me
swallow ideas without chewing on them first and for always being alert at details that often
pointed out my errors. I also thank him for his humility and care for others’ processes and
deadlines. I thank both for teaching me valuable lessons about research, communication, and
life.

Every explorer needs a compass to navigate unknown paths. This was especially true during
this research journey. I thank my co-advisor, Dr. Damien Teney, for his interest in my process
and his willingness to share his perspectives in his field of expertise. His ideas and work
inspired me to pursue more profound knowledge and realize the limits of conventional ideas.
I thank my mentor, PD Dr. Sigve Haug, for assuming his role with the best disposition. I also
owe my thanks to the University of Bern and the Swiss National Science Foundation (SNSF)
for their relevant support in funding my research.

Every combatant needs a squad. At the AIMI lab, I found a team of brilliant and competent
people who selflessly offered me their friendship and support. First, I thank those who, at
the beginning, made things easier for me and offered to help, including Vasily Tolkachev, Dr.
Mathias Gallardo, Dr. Tatiana Fountoukidou, and Dr. Thomas Kurmann. I thank the other
Ph.D. students, Javier Gamazo-Tejero, Lars Doorenbos, Lukas Zbinden, Fei Wu, Paulo Sampaio,
and the later-arrived Moritz Schmid. The moments we shared made the process fun and
interesting, and I certainly learned something from each of them. My gratitude also goes
to all the other members of the team, including Prisca Dotti, Dr. Negin Ghamsarian, Marta
Colmenar Herrera, Dr. Alain Jungo, Dr. Theodoros Pissas, Dr. Christopher Hahne, Dr. Corin
Otesteanu, Michel Hayoz, Davide Scandella, Tamara Danilovska, and everyone else I had the
pleasure of sharing with, even if for a short time. Finally, I thank the administrative staff, Pia
Eichholzer, Diana Bethge, and Daniela Schmidyt, for always being willing to help.

I'was lucky to have an extended squad of people who supported me and shared with me in
person or from thousands of kilometers away. I thank Jose Arturo Garcia, William Giraldo,
Sergio Castro, Ivan Said Géngora, Eduardo Osorio, Miguel Garcia, Nicolds Camargo, Cassandra
Chetty and her lovely family, Andreina Ravani, Denis Borel, Emre Hacan and his wife Giilcan,

ix



Yasemin Aversa, Didem Ekrem, Gresa Asani, and my MAIA friends, specially Roa’a Khaled,
Valeria Abramova, Tewodros Weldebirhan Arega and Ahmed Gouda. I also extend my thanks
to Umut and G6kcen Parlar and their parents, Canan and Turgay, for their kindness, support,
and positive attitude.

Every tree needs roots. I call my roots family, the people who nurture me and are the founda-
tion of the person I am today. [ want to thank my family, including my parents, Cruz Stella and
Gustavo, my siblings Natalia and Juan Felipe, and my little niece, Violeta. Their love, prayers,
sacrifices, and constant support have been a blessing that distance cannot extinguish. I also
thank my aunt Sandra and her husband Pepe, my aunts Libia, Liliana, Neyla, and Cecilia,
my uncle Humberto, my cousins Sandra Teresa, Monica, Edward, Ivdn, and Daniela, and my
grandma Teresa.

Every heart needs love, someone who is always there, no matter what, who confronts your
deepest shadows and is not terrified, who sees in you what other people cannot see. I met Ebru
Parlar more than a thousand days ago, and since the beginning, her love, company, support,
understanding, care, and cuteness have been priceless treasures in my life. I thank her for
believing in me, helping me grow, and being a shiny little star that illuminates my days.



Contents

Abstract
Acknowledgements
List of Figures

List of Tables

List of Abbreviations

1 Introduction

1.1 Reading Words, Seeing Worlds and Asking Questions . . . . . ... ... .....

1.1.1 Thinking Machines .

1.1.2 Computer Vision and Language Processing . . ... ............

1.1.3 Visual Questioning .
1.2 MakingSense . .......
1.3 Thesis Statement . . . . . .

1.4 Organization and Contributions of the Thesis . . . .. ... ... ... ......

2 Background

2.1 Natural Language Processing, Understanding and Generation . ... ... ...

2.1.1 NLPvs. NLU vs. NLG
2.1.2 Tokenization . . . . .
2.1.3 Word Embeddings .

2.1.4 Recurrent Neural Networks . . . ... ... ... ... ... ... ......

2.1.5 The Transformer Arch
2.1.6 Large Language Mode
2.2 Computer Vision . .. ...
2.2.1 Convolutional Neural
2.2.2 Vision Transformers
2.3 Vision-Language Models . .

itecture . . . . . . . . . e
IS . e
Networks . ... ... ... .. . . . ... . ...,

2.3.1 Multimodal Large LanguageModels . . . . .. ... .. ... ........

2.4 Visual Question Answering

2.4.1 General VQAvs.Medical VQA . . . . . . . . . . ...

2.4.2 A Brief History of VQA

E.

© © 0 O = NN - E.

DN N DN DNDNDND H = = o e e e -
D U xR W DN O O W W W NN -~



Contents

II

Xii

243 Datasets . ... ... e
2.5 Basics of Diabetic Macular Edema (DME) Staging . . . . ... ...........
25.1 FundusImaging. . ... .. ... .. ... e
252 DMEStaging. . . . .. ... . e

Enabling Localized Queries in VQA

Localized Questions in Medical Visual Question Answering

3.1 Background and PreviousWork . . . . ... ... ... ... .. ... . ...

3.2 Method . . . .. .. . e e
3.21 InputEmbedding ... ...... ... .. .. .. .. . ...
3.2.2 LocalizedAttention . . . . . . .. .. .. .
3.2.3 Classification . ... ... ... .. ... . e
324 Training . . . . . . .o e e e e e

3.3 ExperimentsandResults. . .. ... ... ... ... .. .. .. . . . ... ...
3.3.1 Datasets . . ... ...
3.3.2 Baselinesand Metrics . ... ... ... ... .. .. ..
333 Results . .. ...

3.4 Conclusion . . . .. ... . . e e e e

Targeted Visual Prompting for Medical Visual Question Answering

4.1 Background and PreviousWork . . . . ... ... ... ... .. .. o ...

4.2 Method . . . . . ..

4.3 ExperimentsandResults. . . ... .. ... ... ... ... ... ...
4.3.1 Datasets . .. ... . ... e e
4.3.2 Baselines . . . . . ... ..
4.3.3 ImplementationDetails . . ... ... ... .. ... ... . ... .. ....
434 Results . . . .. . ..

4.4 Conclusion . . . . ... e e

Enhancing Consistency in VQA

Consistency-preserving Visual Question Answering in Medical Imaging

5.1 Background and PreviousWork . . . . . ... ... ... .. L oL L.

52 Method . . . . . . . .
5.2.1 VQAModel . . . .. ... . . e
5.22 ConsistencyLoss . . ... ... L e

5.3 ExperimentsandResults. . .. ... ... ... . ... .. ... ...
5.3.1 DMEStaging. . . . ... ... .. e
5.3.2 Dataset . . . . . ... e
5.3.3 ExperimentalSetup ... ...... ... .. ... ..
53.4 Results . ... ... . e

33

35
36
37
37
38
38
38
39
39
40
41
43

45
46
47
49
49
49
50
50
53

55



Contents

54 ConcClusion . . . . . . . . . i e

6 Logical Implications for Visual Question Answering Consistency

6.1 Background and previouswork . . . ... ... L L Lo L
6.1.1 Background ............ ... ...
6.1.2 PreviousWork . . . ... .. ... ...

6.2 Method . . .. ... ... . . . . . e
6.2.1 Consistency Formulation . .. ... .................
6.2.2 Logical Implication ConsistencyLoss . . .. ............
6.2.3 Inferring Implications . ... ... ... .. ... ... .....

6.3 ExperimentsandResults. .. ... ... ... ... ... ... ... ....
6.3.1 Datasets . ... ... ... ... e
6.3.2 Baseline Methodsand BaseModels . .. ..............
6.3.3 ImplementationDetails . ... ....................
6.3.4 Quantifying Consistency. . . . . . ... ... ... . ... ....
6.3.5 Results ... ... ... ... ... . e

6.4 Conclusion . . ... .. ... . ... ... e

III Discussion and Future Work

7 Discussion and Conclusion

7.1 DIiSCUSSION . . . . . v ot e e e e e e
7.1.1 LocalizedQuestions . .........................
7.1.2 Consistency Enhancement . . ....................
7.1.3 Bridging Locality and Consistency . . . . ... ... ........

7.2 Conclusion . . . . ... ... L

8 Future Work

8.1 LocalizedQuestions . ... ... ... ... ... ...,
8.2 Consistency Enhancement . ... ......................
8.3 Bridging Locality and Consistency . . . . .. ... .. .. ... ......

Bibliography

A Localized Questions in Medical Visual Question Answering

B Targeted Visual Prompting for Medical Visual Question Answering

C Consistency-preserving Visual Question Answering in Medical Imaging
D Logical Implications for Visual Question Answering Consistency

Declaration of Originality

117

120

122

124

131

Xiii






List of Figures

1.1

1.2

2.1
2.2
2.3
2.4
2.5
2.6
2.7
2.8
2.9

Mlustration of the imitation game. A computer (A) and a person (B) answer
questions posed by a human interrogator (C). Participant A aims at providing
human-like answers, attempting to trick C into thinking that the answers were
providedbyaperson.. . . . .. . . ...
A three-layer method for photo-QA. The first layer performs image matching of
the input image to web images and extracts structured data. The second layer
searches for applicable answers. The third layer allows humans to answer more
complicated questions. From [32]. . . . . . . .. ... ... ... .. ...

Relationship between NLE NLUand NLG. . . ... ... .. .. ... .......
Unfolded graph for Eq. (2.2). Basedon [49]. . . ... ................
Unfolded RNN for Eq. (2.4). Basedon [49]. . . ... ... ... ... ......
Unfolded BRNN.Basedon [49].. . . . . . . . . . i ittt e it
LSTMcell diagram. . . . . . . . . . ... e e
Transformer architecture. From [27]. . . . . . . . . . . i
Self-attention modules of the transformer architecture. From [27]. . . . . . . . .
LLM size versus time. Adapted from [62]. . . . .. ... ... ... .........
Applications of LLMs. Basedon [59]. . . . . . . .. ... ... ... .. ... ...

2.10 Vision Transformer (ViT) architecture overview. Left: General ViT pipeline.

Right: Transformer encoder design. From [19]. . .. ... ... ... ... ....

2.11 Evolution of VQA models for natural and medical images over time. Relevant

publications are shown for each field. Above the year scale, schematic diagrams
show the part(s) of the architecture that received the most focus at a given time.
In the block diagrams, V stands for visual encoder, T for text encoder, F for
multimodal fusion, and Cfor classifier. . ... ... ... .. ... ... .. ....

2.12 First VQA architecture. Image and question embeddings are extracted and then

projected to the same dimension. The result is then combined using the element-
wise product, and a classifier provides the most likely answer at the output.

2.13 Evolution of VQA datasets for natural and medical images over time. Dots with

triangles and squares indicate datasets produced for a specific VQA challenge. .

2.14 Left: Anatomy of the eye (from [155]). Right: Fundus image from the IDRiD

dataset [156] with hard exudates encircled in lightblue. . . . ... ... ... ..

12
14
14
15
16
17
18
20
21

23

26

27

29



List of Figures

3.1 Examples of localized questions. In some cases (RIS-VQA and INSEGCAT-VQA),
the object mentioned in the question is only partially present in the region. We
hypothesize that context can play an important role in answering such questions. 37
3.2 Left: Proposed VQA architecture for localized questions. The Localized Atten-
tion module allows the region information to be integrated into the VQA while
considering the context necessary to answer the question. Right: Localized

Attentionmodule. . . . ... L L L 39
3.3 Distribution by question type (DME-VQA) and by question object (RIS-VQA and

INSEGCAT-VQA). . . . . e e e e e e e e e e e 40
3.4 Illustration of the evaluated baselines for an example image. . . ... ... ... 41

3.5 Qualitative examples on the RIS-VQA dataset (columns 1-3), INSEGCAT-VQA
(columns 4-5), and DME-VQA (last column). Only the strongest baselines were
considered in this comparison. The first row shows the image, the region, and
the ground truth answer. Other rows show the overlaid attention maps and the
answers produced by each model. Wrong answers are showninred. . . . . . . . 43

4.1 Examples of visual understanding failures using GPT-4V for the VQA task. From [100]. 46
4.2 Our customized targeted visual prompt is created by providing the model with
the region in context, as well as an isolated version of the region. Visual to-
kens are projected to the input space of the LLM and concatenated with the
instructiontokens. . . ... ... .. L o 48
4.3 Example input images and questions for evaluated baselines. In the baseline
“Region in text," the digits are separated to provide a fair scenario to the LLM. . 49
4.4 Qualitative examples on the DME-VQA (first row), RIS-VQA (second row), and
INSEGCAT-VQA (third row) datasets. See Appendix B for additional examples. . 52
4.5 Error analysis by region location for the four strongest baselines. The maps are
obtained by adding binary masks representing the regions for all QA pairs in each
category and then normalizing. Top: DME-VQA dataset. Bottom: INSEGCAT-
VQA dataset. The maps for RIS-VQA can be found in AppendixB. .. ... ... 52

5.1 VQA inconsistency in Diabetic Macular Edema staging from fundus photograph.
While the VQA model correctly answers “Is the image healthy?" (left), it incor-
rectly answers yes to “Are there hard exudates here?" for a specified retinal region
(right). . . 59

5.2 Top: VQA model architecture. Bottom: Visualization of the training process with
the proposed loss. The total loss, ¢1ot, is based on two terms: the conventional
VQA loss, #yqa and our proposed consistency loss term, ¢cons. The latter is
computed only for pairs of main (reasoning) and sub (perception) questions.
Training mini-batches consist of main and sub-questions at the same time,
whereby sub-questions can consider specific regions of the image. Unrelated
questions (denoted with “ind") can also be included in training batches but do
NOt CONLIIDULE tO Pegns. - « « v v v v o e e e e e e e e e e e e e 60



List of Figures

5.3 DMErisk grading. Grade 0 is assigned if there are no hard exudates present in
the whole image. Grade 1 is assigned if there are hard exudates, but only located
outside a circle centered at the fovea with radius of one optic disc diameter.
Grade 2 is assigned if there are hard exudates located within the circle. Examples
of main and sub-questions are provided for each grade. . . ... ... ... ... 62
5.4 Qualitative examples from the test set. Inconsistent sub-answers are highlighted
in red. Additional examples are shown in AppendixC. ... ............ 64

6.1 Top: Conventional VQA models tend to produce inconsistent answers as a
consequence of not considering the relations between question and answer
pairs. Bottom: Our method learns the logical relation between question and
answer pairs to improve Consistency. . . . . . ... . ... ... 68

6.2 Consistency loss ¢¢ons as a function of the estimated probabilities for the suffi-
cient, 71, and necessary, 2, conditions. Note that the loss diverges to co when
m=1lny<landwhenm;>0,712=0. . ... ... ... . . . ... 74

6.3 LI-MOD: Approach to predict logical relations between pairs of propositions. A
BERT-based NLP model is first pre-trained on the SNLI dataset [205] to solve a
Natural Language Inference task and subsequently fine-tuned with annotated
pairs from a subset of Introspect dataset [40]. The resulting model is used to
predict the relations of the remaining part of the dataset. . . ........... 74

6.4 Qualitative examples from the Introspect dataset using BAN as backbone. Red
siren symbols indicate inconsistentcases. . . ... ... ... ... ... ... .. 78

6.5 Examples from the DME dataset and comparison of methods. Red siren symbols
indicate inconsistent cases. DME is a disease that is staged into grades (0, 1 or
2), which depend on the number of visual pathological features of the retina.

Top and middle: Although all methods correctly predict the answer to the first
question, some inconsistencies appear when a necessary condition is false.
Bottom: Only the None baseline produces an inconsistency. Note that SQUINT
and CP-VQA’s answers do not produce inconsistent pairs because both questions
were answered incorrectly, and those answers (“2" and “yes") respect all known
relations. . . . . . L. e 79

6.6 Behavior of the accuracy and consistency as a function of A with 95% confidence
intervals. Left: LXMERT trained on the Introspect dataset (5 models with random
seeds for each value of A). Right: MVQA trained on the DME dataset (10 models

withrandomseedsforeach A). . . . . ... .. ... ... .. .. .. .. .. .. 80
6.7 Left: Receiver Operating Characteristic (ROC) for the entailment class of our
LI-MOD in validation. Right: Qualitative examples of LI-MOD’s predictions. . . 81

A.1 Additional qualitative examples from the RIS-VQA (rows 1-3), INSEGCAT-VQA
(rows 4-5) and DME-VQA (last two rows) datasets. The first column shows the
image, the region, and the ground truth answer. Other columns show the overlaid
attention maps and the answers produced by each model. Wrong answers are
showninred. . ... .. ... .. ... 118

xvii



List of Figures

B.1

B.2

C.1

C.2

D.1

D.2

D.3

D.4

D.5

D.6

xviii

Error analysis by region location for the four strongest baselines for the RIS-VQA
dataset. The maps are obtained by adding binary masks representing the regions
for all QA pairs in each category and then normalizing. . . . . ... ... .....
Additional examples for DME-VQA (rows 1 and 2), RIS-VQA (rows 3 and 4) and
Insegcat-VQA (rows5and 6). . . . . .. .. ... e

Effect of the variation of the hyperparameters A and y, for each metric. The first
5 rows refer to accuracy for all questions (overall), for main questions (main) and
for sub-questions (whole, macula and regions). The last two rows correspond
to the consistency. In general, a higher value of A leads to a higher consistency,
which is the expected behavior. High values of both parameters can produce a
decrease in the accuracy of main questions. . . ... ... ... ..........
Additional qualitative examples from the DME dataset. Inconsistent answers
are highlighted in red. A more consistent behavior is observed in our method
in comparison to the baselines (rows 1-2). Even though our method can make
mistakes (rows 3-4), it also shows an improvement in the performance on main
questions (TOWS 5-6). . . . . . . . . o i i e e e e e e

Additional qualitative examples from the Introspect dataset using BAN as the
backbone. Red siren symbols indicate inconsistentcases. . . ... ........
Additional qualitative examples from the Introspect dataset using BAN as the
backbone. Red siren symbols indicate inconsistentcases. . . . ... ... .. ..
Additional qualitative examples from the Introspect dataset using BAN as the
backbone. Red siren symbols indicate inconsistentcases. . . . ... .......
Additional qualitative examples from the Introspect dataset using BAN as the
backbone. Red siren symbols indicate inconsistentcases. . . . ... ... .. ..
Additional qualitative examples from the DME dataset using MVQA as the back-
bone. Red siren symbols indicate inconsistent cases. DME is a disease that is
staged into grades (0, 1 or 2), which depend on the number of visual pathological
featuresoftheretina. . . . . .. ... ... .. .. L
Additional qualitative examples from the DME dataset using MVQA as the back-
bone. Red siren symbols indicate inconsistentcases. . . . .. ... ........

120

121

122

123

124

125

126

127

128



List of Tables

2.1

3.1

3.2

3.3

4.1
4.2

5.1

5.2

6.1

Overview of VQA dataset size sorted by the number of questions. Top: For natural
images. Bottom: For medicalimages. . . . ... .. ... .. ... .........

Average accuracy for different methods on the DME-VQA dataset. The results
shown are the average of 5 models trained with differentseeds. . . . . . ... ..

Average test AUC and AP for different methods on the RIS-VQA and INSEGCAT-
VQA datasets. The results shown are the average over 5seeds. . . . . . ... ...

Average test AUC for different methods on the RIS-VQA dataset as a function of
instrument type. Results are averaged over 5 models trained with different seeds.
The corresponding table for INSEGCAT-VQA is available in Appendix A.

Main parameters of theused datasets. . . . . .. ... ... .. ... .......

Accuracy and F1 score comparison to SOTA approaches on the DME-VQA, RIS-
VQA and INSEGCAT-VQA datasets. For the DME-VQA dataset, only localized
questions are considered (performance on other question types can be found in
the supplementary materials). *This result corresponds to a different architec-
ture, but we include it for completeness. . . ... ... ... ... . ... .....

Average test accuracy and consistency values for the different models. Results
shown are averaged over 10 models trained with different seeds. Accuracy values
are presented for all questions (overall), for main questions (grade) and for sub-
questions (whole, macula and region). Both measures of consistency are shown
aswell. . . . e

Average test accuracy and consistency values for different values of the parame-
ters A and y. The first row (A = 0) corresponds to no consistency enhancement
method. . . .. . ..

Results of different consistency methods on the Introspect dataset using two
different VQA models: Top: BAN, bottom: LXMERT. In the case of LXMERT, we
show the impact of randomly flipping the answer of either the first or the second
question for related pairs. Similarly, flip first and flip second refer to flipping the
answer to the first and second question in inconsistent pairs, respectively. . . .

31

41

42

42

49

51

64

65

78

Xix



List of Tables

6.2

Al

B.1

Comparison of methods on the DME dataset with common MVQA backbone.
Accuracy and consistency are reported for all questions, as well as for different

medically relevant sub-question categories: grade, whole, macula and region. 79
Average test AUC for different methods on INSEGCAT-VQA. . . . . ... .. ... 119
Accuracy for the DME-VQA dataset by questiontype. . . . . ... ......... 120



List of Abbreviations

2D two-dimensional 4

3D three-dimensional 4

Al Artificial Intelligence 6, 12

ANN Artificial Neural Network 3

BAN Bilinear Attention Networks 28, 76, 77

BERT Bidirectional Encoder Representations from Transformers 20, 23, 71, 74, 76, 81
BoW Bag of Words 13

BRNN Bidirectional Recurrent Neural Network 14, 15

BUTD Bottom-Up Top-Down 27
CNN Convolutional Neural Network 4, 7,9, 11, 22, 27, 28, 93, 95

DAE Denoising Auto-Encoder 29

DME Diabetic Macular Edema 9, 30, 31, 39, 49, 57, 58, 61, 62, 66, 75-78

GELU Gaussian Error Linear Unit 22

GRU Gated Recurrent Unit 16
ICL In-Context Learning 25

LLM Large Language Model 5, 7, 9, 12, 19-22, 24, 25, 28, 45-48, 50, 53, 93-95

LSTM Long Short-Term Memory 12, 15, 16, 27, 37, 38, 40, 63

MCB Multimodal Compact Bilinear 27, 28

Med-VQA Medical Visual Question Answering 7, 8, 25, 26, 28-30, 36, 45, 46, 57, 58, 70, 85, 90,
91, 93,94



List of Abbreviations

MFB Multimodal Factorized Bilinear 27, 28

MFH Multimodal Factorized High-order 27

ML Machine Learning 3

MLB Multimodal Low-rank Bilinear 27, 28

MLLM Multimodal Large Language Model 9, 24, 28, 29, 45-47, 50, 86, 90, 93, 96

MUTAN Multimodal Tucker Fusion for Visual Question Answering 27

NLG Natural Language Generation 12
NLI Natural Language Inference 10, 70, 75, 81
NLP Natural Language Processing 9, 11, 12

NLU Natural Language Understanding 12
PEFT Parameter-Efficient Finetuning 22

R-CNN Region-based Convolutional Neural Network 28
ReLU Rectified Linear Unit 22, 41

RNN Recurrent Neural Network 5, 7, 11-16, 93, 94

ROC Receiver Operating Characteristic 40, 81

RTE Recognizing Textual Entailment 70
SAN Stacked Attention Networks 27, 28

ViT Vision Transformer 4, 9, 11, 22, 23, 50, 95
VLM Vision-Language Model 9, 11, 24, 69, 96

VQA Visual Question Answering 6-11, 25-30, 35-37, 39, 40, 43, 46, 47, 50, 53, 57-61, 63, 65-79,
81, 86-88, 90, 93-97

VIT Visual Turing Test 7

xxii



For my mom Cruz Stella and my sister Natalia,
whose infinite love constantly rekindles my heart.

For Ebru, whose smile turns days into miracles,
whose eyes can quell the fiercest storms.

=






I8 Introduction

Computers, in various forms, have become an integral aspect of human daily life. Their ability
to tackle a diverse range of tasks, coupled with their efficiency, has significantly expanded their
applicability across various fields in recent years. Notably, in the field of medicine, computers
have played and continue to play a crucial role, leveraging their potential to assist medical
experts in the analysis and annotation of medical data. The capacity to comprehend both
textual and visual information is a pivotal feature central to models that can assist medical
experts in their daily tasks.

The interaction with medical images by means of written questions holds particular impor-
tance, as it facilitates an evaluation of the machine’s actual understanding of the information
and its ability to reason effectively to provide accurate answers. Within this introductory
chapter, we delve into the breakthroughs and concepts that have paved the way for the exten-
sive capabilities computers offer broadly in diverse scenarios and specifically in the medical
domain. This exploration is done drawing from the essence of Alan Turing’s groundbreaking
work about intelligent machines.
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1.1 Reading Words, Seeing Worlds and Asking Questions

1.1.1 Thinking Machines

The history of devices capable of aiding in computational tasks extends back at least four
millennia, beginning with the creation of the abacus [1]. Evolving from this rudimentary
counting tool, subsequent centuries revealed more intricate ancient mechanical devices,
such as the Antikythera mechanism [2] and the astrolabe [3], originating from ancient Greece
and utilized for astronomical purposes. In more recent history, the seventeenth-century
introduction of the slide rule represented a significant step toward more efficient mathematical
operations [4]. While these devices proved useful, their design centered around task-specific
manipulation, where the instructions they executed were pre-defined either within the device
or by the operator at the time of execution.

Charles Babbage, acknowledged as the father of the computer, introduced a more flexible com-
puting system in the early nineteenth century. His mechanical computer was programmable,
allowing for the sequential execution of an ordered collection of instructions (i.e., a program)
defined by the user for a specific task. The program, along with any input data, was provided
to the device using punched cards [5]. This concept of programmable computers persisted,
but the implementation transitioned from mechanical operation to vacuum tubes and subse-
quently to transistors. At the time, the first electronic computers were large and heavy devices
that only some institutions had the privilege to utilize.

In 1950, Alan Turing published a work titled Computing Machinery and Intelligence [6], where
he addressed the question “Can machines think?" by framing it as the outcome of a game.
The game, known as the imitation game or the Turing test, involves three participants in
isolation, as illustrated in Fig. 1.1: a machine (A), a person (B) and another person assuming
the role of interrogator (C). In this scenario, the interrogator uses text-based communication to
interact with A and B through questions and answers. The goal for A is to behave in a manner
indistinguishable from a human during the conversation. Following the game, interrogator
C indicates which participant corresponds to the computer and which is human. From this
perspective, if C incorrectly classifies the participants with high probability, the machine is
considered intelligent or capable of thinking.

While specific practical and philosophical limitations in the imitation game have been iden-
tified [6, 7], it underscores the importance of language understanding and generation in
machines. Moreover, it highlights the key role of questions and answers in evaluating the true
intelligence of a machine. Additionally, beyond merely determining a machine’s intelligence,
the use of questions and answers represents a means of communication for the execution
of specific tasks. An intelligent machine, as defined by the Turing test, not only communi-
cates like a human but also possesses the capability to perform tasks akin to human abilities,
rendering it versatile across a broad spectrum of applications, some of them in the field of
medicine.
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FIGURE 1.1: Illustration of the imitation game. A computer (A) and a person (B) answer ques-
tions posed by a human interrogator (C). Participant A aims at providing human-like answers,
attempting to trick C into thinking that the answers were provided by a person.

In order to emulate human behavior, the machine is expected to learn. While Turing explored
some intriguing ideas such as the use of rewards and punishment in the learning process, it
was not until the advent of Machine Learning (ML) that machines began to perform tasks
with a degree of acquired knowledge (i.e., learning). This initiation occurred with the work of
Arthur Samuel in the 1950s, where he proposed a learning method for the game of Checkers
based on the optimization of a game tree [8]. A major breakthrough occurred with the per-
ceptron [9], a single-layer neural network with a linear threshold function, considered to be
an essential building block of modern Artificial Neural Networks (ANNSs). The perceptron up-
dated its parameters using the difference between the output of the target. Stacking multiple
perceptrons required the propagation of errors through the network, which was enabled with
backpropagation [10]. This advancement facilitated the training of multilayer perceptrons [11,
12] and became the standard algorithm for error propagation. Together with gradient descent,
it allows models to learn from experience. This stands in contrast to the traditional approach
of programming models with pre-defined instructions for every conceivable input and state.

Returning to Turing’s work, the aforementioned developments paved the way for machines
to resemble the way in which humans learn from experience more closely. The process of
learning to perform specific tasks, such as playing Checkers or Chess [13], marked only the
beginning of Turing’s notions into the realm of machine intelligence. As he articulated in his

paper,

It can also be maintained that it is best to provide the machine with the best sense
organs that money can buy, and then teach it to understand and speak English.

We now delve into the role of vision and language understanding in enabling the interrogation
of a machine.
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1.1.2 Computer Vision and Language Processing
Perceiving the World

Providing machines with vision capabilities marked a significant stride toward realizing the
machine intelligence envisioned by Turing. However, it is crucial to distinguish between
image processing and computer vision. Image processing aims to enhance visual appearance,
extract information, or transform images. On the other hand, computer vision is focused on
recovering the 3D structure of the world from input images and utilizing this information for
full scene understanding [14]. In essence, computer vision is concerned with understanding
the reality expressed by an image or video.

Early computer vision approaches were introduced in the 1970s with the goal of achieving
comprehensive scene understanding. These approaches encompassed a diverse range of
techniques, including 3D structure inference from 2D lines, line labeling, generalized cylinders,
pictorial structures, and optical flow algorithms [14]. In 1980, a network architecture named
Neocognitron emerged and was applied to handwritten character recognition, building upon
earlier ideas derived from the visual nervous system. The concept involved cascading a
series of alternating simple and complex cells, where the former was responsible for local
feature detection, and the latter captured global patterns [15]. This pioneering work laid
the groundwork for Convolutional Neural Networks (CNNs) [16], which share structural
similarities with Neocognitron but are more flexible due to the use of generic convolution and
pooling operations, facilitating the automatic extraction of hierarchical feature representations.
Despite being formalized at the end of the twentieth century, the widespread application of
these networks was hindered by hardware limitations [17].

Starting around 2012, as a result of the developments in graphics processing units and paral-
lelization, the utilization of CNNs experienced exponential growth, witnessing the proposal of
various architectures tailored for tasks like image classification, image segmentation, facial
recognition, and image generation [18]. More recently, an alternative architecture has emerged
as a formidable contender to CNNs. The Vision Transformer (ViT) [19] adapts an architecture
originally designed for text processing to operate effectively with images. Both CNNs and
ViTs can be regarded as the closest approximation to the “sense organs” envisioned by Turing.
Attaining meaningful representations or descriptors of images represents a crucial step toward
machines capable of performing tasks akin to human abilities. These architectures have also
made substantial inroads into the medical domain, where they can, for example, contribute to
alleviating the workload of clinical experts who may struggle to analyze all available images or
benefit from a second opinion provided by a precise automated system.

However, models focused solely on vision are generally trained for specific tasks and often
offer limited interaction, if any, with users. As Turing highlighted, imparting machines with
the capability to understand and communicate in natural language is a crucial step forward.
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Reading and Saying Words

The desire for machines capable of understanding language is not a recent aspiration for
humanity. In the mid-1930s, patents were conceived, with specific instances of translation
machines [20]. While rudimentary and basic, these can be considered the earliest practical
ideas attempting language processing for a specific task. During the 1940s and 1950s, the
challenge of machine language translation spurred initial research efforts, primarily following
arule-based design. Given the limited access to computers during this era, primarily research
and military institutions could engage in such endeavors. Consequently and due to political
interests, the main objective was to create machines capable of translating Russian text into
English [21]. Linguistic experts like Noam Chomsky identified limitations in translation
systems during the 1950s, highlighting a lack of genuine comprehension of text content [22].

Gradually, the applications of language transitioned from translation to dialogue, bringing
the process a step closer to the imitation game, albeit with limited results. An illustration of
this shift is ELIZA [23], which engaged in simulated conversations with humans by utilizing
reassembly and decomposition rules. This program, however, lacked a genuine understanding
of the meaning of words.

Years later, in 1970, as a response to the disappointment stemming from earlier works and with
an aim to incorporate the meaning of words along with syntactical analysis and identification
of lexical items, a program named SHRDLU was introduced [24]. This program demonstrated
the capability to answer basic questions, execute commands, and augment its knowledge
about a simulated robot arm with access to toy objects. Subsequent systems further expanded
the ability to answer questions to specific fields, such as lunar geology [25].

An important advancement in the representation of sequential information came about
with Recurrent Neural Networks (RNNs) [12]. When coupled with the error propagation and
parameter adjustment techniques mentioned earlier, RNNs played a crucial role in enhancing
the extraction of meaningful information from sequences and the sequential generation of
data. The concept of mapping words to distributed vectorial representations that consider
similarity [26] (i.e., word embeddings) marked a significant step, enabling the application of
RNNSs, in all of its variations, to text sequences for various tasks.

More recently, the transformer architecture [27] has revolutionized language processing by
addressing limitations of RNNs such as long-term dependencies, scalability and efficiency.
This architecture, combined with substantial computing power and large text datasets, has
paved the way for the conception and implementation of Large Language Models (LLMs).
LLMs are language models with a large number of parameters and trained on internet-scale
datasets. In recent years, these models have evolved to the point of becoming prominent as
information sources, chatbots, or assistants [28].

Having models that perceive the world and “speak” a language seems to align with Turing’s
aspirations for the imitation game. However, devising a model that seamlessly integrates vision
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and language is not a trivial task, as it demands a certain level of correspondence between text
and vision representations.

1.1.3 Visual Questioning

Endowed with vision and language capabilities, machines can perform a diverse array of
tasks, such as image captioning, image retrieval, text-to-image generation, visual grounding,
visual storytelling and Visual Question Answering (VQA). Notably, VQA holds considerable
appeal as it enables interaction between humans and machines through questions related
to images or videos. Involving skills like spatial reasoning, logical inference, comparisons,
counting, memorization, object and attribute recognition and transitive relation tracking, VQA
requires visual understanding at various levels [29]. This enhanced visual understanding adds
a dimension to the Turing test, allowing the assessment of a model’s ability to comprehend
and interpret visual information. In this scenario, the setup for the Turing test is expanded:
Interrogator C poses questions about visual content, which participants A and B can perceive,
and they provide answers. Similar to the standard Turing test, if the interrogator cannot
reliably distinguish between human and computer responses, the machine is deemed to pass
the test.

Early applications towards visual question systems can be traced back to 2003, where applica-
tions included real-time motion tracking for browsing surveillance videos [30] and questions
about news videos based on analysis of transcripts but informed by computer vision tech-
niques [31]. These systems, however, had inherent limitations, such as a restricted set of
possible questions and the reliance on an external module for vision processing, neglecting
the necessity for a joint understanding of both modalities.

A few years later, the concept of Photo-based Question Answering emerged as a more compre-
hensive task involving questions about objects within in an image [32]. As depicted in Fig. 1.2,
the system comprises three layers: the first layer matches the input image to web images and
extracts structured data from multimedia databases, the second layer searches for appropriate
answers in an internal repository, and the third layer delegates more complex questions to
humans.

A real-world application of visual questions emerged in 2010 with VizWiz [33], designed to
provide visually impaired individuals with answers to questions about their daily interactions
with the environment. Initially relying on crowd-sourced workers, the platform evolved to
incorporate Artificial Intelligence (Al) solutions in subsequent years [34, 35]. Notably, this
application underscores the importance of free-form questions, allowing users to employ any
grammatical structure to inquire about the contents of an image.

Further developments broadened the landscape in terms of datasets and methodologies. One
approach enhanced the surveillance video browsing application mentioned earlier by utilizing
a probabilistic model to capture relations between video and text using parse graphs [36].
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FIGURE 1.2: A three-layer method for photo-QA. The first layer performs image matching of the
input image to web images and extracts structured data. The second layer searches for applicable
answers. The third layer allows humans to answer more complicated questions. From [32].

Another approach employed segmentation to gather facts about objects for answering template-
generated questions from a limited vocabulary [37]. Yet another formalized the concept of
Visual Turing Test (VTT) to evaluate the visual understanding of machines through a sequence
of binary questions, ensuring that the history of questions and correct answers was unhelpful
in answering the current question [38].

The formal pursuit of answering visual questions gained momentum in 2015 with the intro-
duction of the VQA task. This challenge featured a dataset with thousands of open-ended
human-generated questions about images [39] and presented an architecture as a baseline for
benchmarking. The architecture comprised a frozen CNN for image encoding, an RNN for
question encoding, a multiplication operation to combine both embeddings and an output
classifier to select the most likely answer from a predefined list. Over time, the type of answer
generated by models has evolved, with LLMs enabling the generation of more detailed answers
and descriptions, aligning with Turing’s vision of machines generating human-like responses.

Following the introduction of VQA for natural images, the task found its way into the medical
domain, garnering attention and inspiring researchers. Advancements in Medical Visual
Question Answering (Med-VQA) have closely mirrored those in classical VQA, with some
exceptions for addressing data-related challenges and specialized architectures. A more
detailed history of VQA architectures and datasets is offered in Sec. 2.4.2.

Expanding on this trajectory, we can envision a variation of the Turing test for medical images.
In this scenario, participants B and C are replaced by experts in a specific medical imaging
modality, with A being the machine. Interrogator C poses medical questions about images to A
and B. If C tends to believe that A is a medical expert with high probability, the machine could
be deemed intelligent in a medical sense, showcasing specialized knowledge beyond general
human knowledge. In this context, the accuracy of answers and the terminology used play a
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crucial role, demanding more from the machine to simulate a medical expert compared to
simulating a human. One case in which this simulation can fail is when the machine provides
contradictory answers too often. Following this line of thought, we briefly examine the case in
which two questions are asked about the same image.

1.2 Making Sense

Given that humans are prone to errors, it is reasonable to expect a machine emulating human
behavior to also make mistakes, especially when faced with challenging tasks that allow only
limited generalization to unseen examples post-training, introducing errors in responses.
However, in the imitation game, the nature of errors made by A and B can significantly impact
C’s final identification of the participants as machine or human.

Illustrating this with the text-only Turing test, consider the following example. If we query the
machine about the years Abraham Lincoln was alive and receive the correct response "1809 to
1865," but then ask about the century and get the incorrect answer "18th century,”" we identify
an issue beyond mere errors. Abraham Lincoln being alive both in 1809 - 1865 and in the 18th
century is a contradiction. Asking about the same information, we expect a machine (as we do
a human) to avoid contradictions in responses, displaying consistency.

Detecting such contradictions, a skill innate to humans, proves challenging for machines but
directly influences the quality of reasoning they employ [40]. Reasoning, involving “scaling to
ever-larger search spaces and understand the world broadly," implies consistency, causality,
and compositionality [41]. The absence of any of these elements can cast doubt on the quality
of reasoning.

Incorporating images into the imitation game facilitates testing the model’s consistency, as
queries can reference external visual evidence. In the text-only scenario, a comprehensive
image description (objects, relations, color, structure, etc. ) would be needed in the question,
creating a challenge. For instance, consider presenting a VQA model with an image of a bear
statue and asking: "What is this?" and "Is it alive?" If the model responds "a statue of a bear"
and "yes," respectively, inconsistent behavior becomes apparent. Humans leverage logic
and prior knowledge, understanding that a statue cannot be alive. Thus, ensuring machine
consistency requires integrating logical faculties, explicitly or implicitly.

In the medical domain, the significance of consistent answers amplifies due to the potential
impact on medical decisions. The adoption of Med-VQA systems by medical experts hinges
on trust, with models demonstrating less contradictory behavior being perceived as more
trustworthy and effective tools.
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1.3 Thesis Statement

This thesis addresses visual understanding and reasoning in VQA by means of two perspectives:

1. Localized queries, where questions can be posed about any region of an image,

2. Consistency enhancement, where a model is encouraged to avoid contradictions,

respectively. Considering this, we formulate the following thesis statement:

Achieving high-quality clinical decisions through Visual Question Answering systems re-
quires a prioritization of consistency and fine-grained queries, offering a pathway to im-
proved spatial understanding and overall model reliability.

1.4 Organization and Contributions of the Thesis

Chapter 2 lays the foundation with key concepts related to language and vision, along with
their combination. The chapter delves into Natural Language Processing (NLP), highlighting
its prominent architectures, and focuses on pivotal aspects of computer vision, emphasizing
CNNs and ViTs. Vision-Language Models (VLMs) are then explored, followed by an in-depth
examination of VQA from both architectural and data perspectives. Additionally, basic con-
cepts regarding Diabetic Macular Edema (DME) staging are presented, due to their relevance
in this thesis.

PartIis dedicated to the exploration of localized questions (i.e., questions about specific image
regions) in VQA. Chapter 3 introduces a method enabling such questions for VQA models
with guided attention mechanisms. The proposed approach involves localized attention,
integrating a target region represented by a binary mask into the VQA'’s attention mechanism.
This enables the model to compute attention maps on the entire image, subsequently filtering
them spatially to focus on the specified region. Experiments on multiple datasets demonstrate
the method’s potential applicability.

Chapter 4 extends the concept of localized questions to Multimodal Large Language Models
(MLLMs). The proposed targeted visual prompting involves creating a customized visual
prompt containing the isolated region and the region in context. Visual components of the
prompt are processed by a Swin Transformer and then projected into the input space of the
LLM. Comprehensive experiments highlight the method’s benefits across various medical VQA
datasets.

Part IT introduces two works in the field of consistency for VQA. The approach in Chapter 5
exploits the categorization of questions into perception and reasoning based on the visual
abilities demanded from the model to answer them. This categorization informs a loss func-
tion term, enforcing consistency by penalizing inconsistent cases during training. The result

9
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is an improvement in both consistency and accuracy, showcasing the advantages of such
model-agnostic approaches.

Chapter 6 builds upon the previous work by revising the definition of consistency and formal-
izing it from a more general perspective using logical implications. Similar to the prior method,
aloss term is used to optimize consistency during training, encouraging the model to correct
inconsistencies without compromising overall performance. Since implication annotations
are usually not included in VQA datasets, we propose to predict them by leveraging a language
model trained for the task of Natural Language Inference (NLI). Evaluation on medical and
non-medical datasets supports the effectiveness of the approach compared to state-of-the-art
consistency enhancement methods.

Finally, Part III contains a discussion and summary of the findings and limitations of the works
presented in the thesis (Chapter 7), and offers possible directions for future work (Chapter 8).

10



¥4 Background

This chapter introduces key concepts related to Visual Question Answering (VQA). Given the
multimodal nature of this task, we present concepts from NLP and computer vision separately,
followed by a detailed exploration of their integration in VLMs. In the natural language section,
we focus on RNNs and the transformer architecture, while for the computer vision section, we
focus on CNNs and ViTs. Then, a historical approach is adopted to delve into VQA architectures
and datasets.

11
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2.1 Natural Language Processing, Understanding and Generation

This section delves into key concepts of Al applied to written language. It begins by clarifying
the distinctions between NLP, Natural Language Understanding (NLU), and Natural Language
Generation (NLG). Next, it examines essential processing steps like tokenization and word
embeddings. Finally, the section explores crucial architectural developments like RNNs, Long
Short-Term Memory (LSTM) networks, and transformers, concluding with a brief introduction
to LLMs.

2.1.1 NLPvs. NLU vs. NLG

The topics of NLP, NLU and NLG, though related, are understood to mean different things.
Broadly speaking, NLU and NLG are sub-topics of NLP (See Fig. 2.1), as described in the
following definitions [42, 43]:

NLP
Natural

Language
Processing

NLU
Natural

NLG
Natural

Language
Understanding

Language
Generation

FIGURE 2.1: Relationship between NLP, NLU and NLG.

¢ Natural Language Processing (NLP): Rooted in computational linguistics, NLP com-
prises a wide range of operations applied to text. Its central aim is to add structure to
text to endow computers with the ability to process it and generate responses.

¢ Natural Language Understanding (NLU): Delving deeper into textual meaning, NLU
is concerned with the meaning of the text in terms of comprehension of grammar
and context. Key features include part-of-speech tagging (adjectives, verbs, etc. ),
grammatical case recognition, and keyword identification.

¢ Natural Language Generation (NLG): Shifting the focus to generating text, NLG focuses
on the generation of text in English or other languages. It encompasses tasks such as
natural language generation, summarization, and translation.

12
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2.1.2 Tokenization

Humans primarily use variable-length words arranged in sequences for language represen-
tation. Each word, encoded using standards like ASCII or UTF-8 [44], comprises a sequence
of alphanumeric characters. Sentences and paragraphs remain unstructured data. To obtain
structured data that is manipulable by computers, a process called tokenization breaks the text
into discrete pieces. These pieces, known as tokens, can be words, subwords, or characters,
depending on the desired granularity.

2.1.3 Word Embeddings

Word embeddings represent tokens as numerical vectors in a high-dimensional space. Given a
sequence T = [wy, wy, ..., wy] of n tokens, the embedding of the i-th word or token is denoted
E(w;). The function E transforms the token w; into a fixed-size, real-valued vector representa-
tion, allowing syntactically or semantically similar tokens to have comparable representations.
Thus, the word embeddings can be represented as

WE = [E(w1), E(wy), ..., E(wy,)] € R, 2.1)

where J is the dimension of each word embedding vector.

Some popular techniques to obtain word embeddings include Bag of Words (BoW) [45],
Word2Vec [46], GloVe [47] and BERT [48].

2.1.4 Recurrent Neural Networks

RNNs [12] are networks that process sequential data. To understand the concept better, it
is useful to start from the formulation of a dynamical system, as presented in [49], where a
function f parameterized by 0 is applied to the previous state,

h = f(hV;0), 2.2)

where h is the state of the system. This equation is said to be recurrent because the value of
the state h at time ¢ depends on its value at time ¢ — 1. For a given finite value of ¢, unfolding
the graph that Eq. (2.2) represents is possible. This is, the equation is applied multiple times
in a recurrent way to obtain a non-recurrent expression. For example, for ¢ =3,

h® = F(f(h'V;0);0), (2.3)

which reveals the function being applied multiple times in a sequential manner. This can be

13
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represented with a graph, as shown in Fig. 2.2, where each node represents a hidden state, and
the edges represent the function.

O OO O

FIGURE 2.2: Unfolded graph for Eq. (2.2). Based on [49].

Including an external signal or input s results in a recurrent network, which can be represented
by
h' = fh"Y,s;0), 2.4)

whose unfolded version is depicted in Fig. 2.3 with the outputs o for each state.

O —
CD
O,

FIGURE 2.3: Unfolded RNN for Eq. (2.4). Based on [49].

One limitation of RNNs is the challenge in considering long-term dependencies in the input
data. This issue arises from the exponentially smaller weights assigned to these long-term
interactions (i.e., vanishing gradient). For instance, consider the case in which the network
is tasked with predicting the subsequent words in the sentence, "John is allergic to nuts. He
refused to try the..." In this scenario, the context provided by the first sentence (nut allergy)
aids in predicting more accurate words. However, if this context is situated at a greater distance
from the word to be predicted, the network might struggle to utilize it effectively. A second
issue is the occurrence of exploding gradients, leading to model instability and affecting the
training process. Another constraint of the presented RNN is its unidirectional nature, limiting
its capacity to incorporate future events for predicting more meaningful states [50]. We now
present some variations that attempt to tackle these limitations.

RNN Variations
We examine the most common variations of RNNs

* Bidirectional Recurrent Neural Network (BRNN)[51]: In certain applications, like

14
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speech and handwriting recognition, generating an output that depends on all the input
sequence elements can be beneficial. Bidirectional Recurrent Neural Networks (BRNNs)
tackle this by merging two RNNs: one that begins at the initial sequence element and
progresses forward, and another that commences at the final sequence element and
progresses backward (refer to Fig. 2.4). This network configuration allows for outputs
that take into account both past and future elements but are particularly sensitive to
inputs near time step f.

TTOO
TTO®
FTOO

FIGURE 2.4: Unfolded BRNN. Based on [49].

* Long Short-Term Memory (LSTM) [52]: Arguably the most popular RNN architec-
ture, it was introduced as a solution to the vanishing gradient issues of vanilla RNNss.
Consequently, this architecture handles long-term dependencies more effectively. As
illustrated in Fig. 2.5, the LSTM mitigates the long-term dependency problem by using a
cell state and incorporating three types of gates: input, output, and forget. These gates
facilitate control over the flow of information within the network. The cell, depicted in
Fig. 2.5, comprises a cell state and a hidden state. The forget gate filters out irrelevant
information from the previous cell state C“~V, such as a gender mentioned multiple
times in the preceding sentences. Subsequently, the input gate determines which new
information should be added to the current cell state C”). Finally, the output gate deter-
mines which information from the current cell state should be incorporated into the
current hidden state h(?.

Equations (2.5)-(2.10) define the behaviour of each LSTM cell. Here, U + Ui, Up, Ug, Wy,
Wi, W, and W correspond to learnable parameters of linear mappings, and o is the
element-wise product.

FO=o(sUr+n" Pwy) (2.5)
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FIGURE 2.5: LSTM cell diagram.

i® =g (sOU; + VW) (2.6)

o(t) -0 (s(t) U, + h(t—l)Wo) 2.7)

CY = tanh (s Uz + h'"VWy) (2.8)

c = O_(f(t) oCt 40 g C(t)) (2.9)

h'" = tanh(C”) © 0" (2.10)

¢ Gated Recurrent Unit (GRU) [53]: This architecture also focuses on mitigating the
long-term dependency issues of RNNs. Unlike the LSTM, Gated Recurrent Units (GRUs)
do not make use of a cell state to control the information flow. It uses hidden states and
has two gates (reset and update).

2.1.5 The Transformer Architecture

The transformer architecture [27] was introduced in 2017. Since its inception, this architecture
has been applied in various domains, including language processing and computer vision.
The utilization of transformers in image processing is further discussed in Sec. 2.2.2. As
previously mentioned, recurrent neural networks have limitations, including the absence of
parallelization, which hinders efficiency, and issues related to long-term dependencies due to
vanishing and exploding gradients. The transformer addresses these limitations through its
attention mechanism and architectural design.

The transformer, as depicted in Fig. 2.6, follows an encoder-decoder structure. In this setup,
the input text undergoes mapping to a representation space by the encoder. Subsequently,
the decoder utilizes this representation to sequentially generate an output sequence. This
process is termed auto-regressive behavior because, at each time step, the previously generated
elements serve as input for producing a new one.
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FIGURE 2.6: Transformer architecture. From [27].

Encoder

The encoder block, illustrated in Fig. 2.6, is responsible for generating a continuous represen-
tation from the embedded and positionally encoded inputs. The encoder consists of two sub-
layers: a multi-head self-attention mechanism and a feed-forward network. Following [54],
residual connections are incorporated into each sub-layer, along with layer normalization [55].
Instead of having one single encoder layer, the encoder is structured as a stack of six identical
layers.

Decoder

The decoder block shares certain similarities with the encoder: It is constructed as a stack of
six layers, employs residual connections and layer normalization, and incorporates both multi-
head attention and a fully connected network. Nevertheless, it diverges by featuring two multi-
head attention sub-layers instead of one. The second sub-layer serves the specific function
of processing the output of the encoder. As depicted in Fig. 2.6, the sub-layer responsible for
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FIGURE 2.7: Self-attention modules of the transformer architecture. From [27].

receiving the previously generated outputs incorporates a masking mechanism, preventing
the model from attending to future positions.

Attention

The key part of the transformer architecture is its self-attention mechanism. The concept of
attention was initially introduced in [56] for machine translation. The basic idea was to enable
the model to determine which parts of the source sentence were relevant to predict the next
word of the translation. In the transformer, the attention function is expressed in terms of
three elements: queries, keys, and values, all represented as vectors. The output is computed
by taking the weighted sum of the values, with each value assigned a weight determined by
a compatibility function between the query and its corresponding key. Put differently, the
transformer uses the self-attention mechanism to consider other words relevant to the word
currently being processed. For instance, in translating the sentence "The cat climbed the bed
because it was tired," self-attention allows the model to recognize that the word "it" is more
closely associated with the word "cat" than with any other word in the sentence [57].

The transformer’s implementation of the self-attention mechanism is called scaled dot-
product attention and is illustrated in Fig. 2.7 (A). In this process, the dot products are com-
puted between the query and all keys, then scaled by the dimension of the keys, dj, and finally,
a softmax function assigns weights of the values. This operation can be performed for a set of
queries efficiently using matrices. Denoting the matrices Q, K, and V for queries, keys, and
values, respectively, the attention operation is defined by Eq.(2.11).

KT

NG

Attention(Q, K, V) = softmax ( %4 (2.11)
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2.1 Natural Language Processing, Understanding and Generation

As shown in Fig. 2.7 (B), self-attention is performed for h “heads" {z;, 2, ..., 21}, projecting
the queries, keys, and values with learned linear functions. This enables the simultaneous
application of scaled dot-product attention on each head, producing output values with
dimension d,. Subsequently, these output values are concatenated and projected once again,

MultiHead(Q, K, V) = Concat(z,, ...,zh)WO (2.12)

where

zi = Attention(QW.2, KWX, vw,”) (2.13)

with W representing the learnable parameters of the projection layers.

Positional Encoding

Positional encodings are necessary due to the lack of recurrence and convolutions so the
model can consider the order of the input sequence. In the transformer architecture, positional
encodings are added to the input embeddings for both the encoder and decoder blocks. Sine
and cosine functions are used to this end, as follows

. pos
PE(pos,2i) = Sin| ———— (2.14)
10000 “model
pos
PE(pos,2i+1) = COS| ———— (2.15)
10000 Pmodel

where pos represents the position and i the dimension. In other words, each dimension of the
positional encoding represents a sinusoidal function, and the wavelengths exhibit a geometric
progression ranging from 27 to 10000 - 2.

2.1.6 Large Language Models

LLMs can be defined as very deep transformer-based models optimized for one or multiple
language tasks using internet-scale datasets. These models can easily reach hundreds of
billions of parameters. In fact, as illustrated in Fig. 2.8, there is a noticeable upward trend
in model size. For instance, in June 2020, OpenAl unveiled GPT-3, which featured 175B
parameters and was able to generate text and code with short prompts written by the user [58,
59]. One year later, Megatron-Turing NLG, with 530B parameters, was introduced [60]. The
number of parameters for more recent models such as GPT-4 [61] has not been disclosed, but
it is believed to exceed one trillion parameters.
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FIGURE 2.8: LLM size versus time. Adapted from [62].

Types

As mentioned in Sec. 2.1.5, the transformer architecture comprises an encoder and a decoder.
Nevertheless, not all implementations based on this architecture adhere strictly to this de-
sign. In general, depending on the task at hand, LLM can be categorized into the following
groups [59]:

* Encoder only: Models typically employed for tasks involving language understanding
but without text generation as output. In such instances, the encoder is responsible for
producing meaningful representations of the input, utilized by another network block,
such as a classification head. Tasks like classification and sentiment analysis fall within
this category. An example of this model type is BERT [48].

* Decoder only: These models are designed to generate high-quality language and con-
tent suitable for tasks such as blog generation and storytelling. GPT-3 [58] is an exemplar
of this model type.

¢ Encoder-decoder: This model can both understand and generate text. Use cases include
tasks like text translation and summarization. T5 [63] is an example of an architecture
that utilizes an encoder-decoder structure.

Applications

LLMs can be used for diverse tasks. Fig. 2.9 shows the five main use case categories. For each
category, some specific examples are provided.
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FIGURE 2.9: Applications of LLMs. Based on [59].

In the medical domain, LLMs have demonstrated diverse applications, including radiology
report summarization [64], medical record evaluation [65], drug discovery [28], and others.
Noteworthy breakthroughs have also been made in the field of robotics [66]. When equipped
with vision capabilities (see Sec. 2.3.1), LLMs extend their applications to include radiology
report generation [67], surgical training [68, 69], patient education [70], assistive technologies
for visually impaired people [71], and autonomous driving [72], among others.

Challenges

Due to the large scale of both models and datasets, LLMs brings about special challenges that
require consideration [59]:

* Training cost: The large scale of LLMs entails higher training requirements in terms
of computing, capital and time, not only during development but also for deployment
and maintenance. For example, the training of BLOOM, an open-source LLM with 176B
parameter, took about 2.5 months, consumed 1,082,990 compute hours, and utilized
48 nodes with 8 Nvidia A100 80GB GPUs [73]. For GPT-3, it is estimated that the cost of
training was over USD 12 million [74].

* Scale of data: LLMs require a substantial volume of data for training. In some cases,
obtaining the data can be difficult due to privacy concerns (e.g.,, medical data). In
general, the curation of such extensive datasets poses a challenge in itself.

* Technical expertise: Given the large scale of the models, both training and deployment
demand a certain level of expertise in areas such as deep learning pipelines, architec-
tures, distributed computing, etc.
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Due to these challenges, a set of methods has been proposed for fine-tuning LLMs, by minimiz-
ing the number of parameters that are modified. This provides advantages for researchers, in-
stitutions, and companies lacking the necessary infrastructure to properly fine-tune the model
for a downstream task or a specific dataset. This set of methods is referred to as Parameter-
Efficient Finetuning (PEFT). Some of the most popular techniques include Adapters [75],
LoRA [76], and prefix tuning [77].

2.2 Computer Vision

This section briefly presents some essential computer vision concepts, with a focus on CNNs
and ViTs, as they are the most relevant architectural types for this work.

2.2.1 Convolutional Neural Networks

CNNs are networks designed to process data represented in a 2D structure, such as images
and time series. As its name indicates, CNNs employ a mathematical operation known as
convolution, which is a specialized type of linear operation. Thus, CNNs can be characterized
as neural networks that apply convolution in certain layers [49]. This operation takes place
between the input and a convolution kernel. Rather than providing the continuous and 1D
discrete definitions, we present the 2D convolution definition between an image x and a kernel
k:

S, j)=x*k)(i,j)=)) x(m,nk(i—m,j-n) (2.16)

where the indices m and n represent the valid positions for the operation. Eq. (2.16) indicates
that the convolution operation is performed at every pixel location i, j of the image. With
a kernel smaller than the input image, CNNs implement sparse interactions, implying that
not every element of the output needs to be determined by every element of the input. This
approach offers advantages in terms of efficiency and memory requirements.

CNNs are typically arranged in sequential convolutional layers, where the output of each layer
undergoes processing by a subsequent layer. The output of each layer is commonly referred
to as a feature map, as different layers extract image features at various levels of abstraction
(such as edges, objects, etc.). Convolutional layers usually consist of three components:

¢ Convolution block: The input is convolved with & kernels to produce & feature maps.

* Non-linearity block: Applying a non-linearity or activation function enables the model
to learn more complex functions. Some common non-linearities used in CNNs include
Rectified Linear Unit (ReLU), leaky ReLU, and Gaussian Error Linear Unit (GELU) [78].

¢ Pooling block: Enables the reduction of the output size by summarizing each location
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through a statistic involving several neighboring values. For instance, the max pooling
operation [79] defines each value as the maximum value in a rectangular sub-region.

2.2.2 Vision Transformers

The Vision Transformer (ViT) extends the transformer architecture to handle images. As
discussed in Sec. 2.1.5, the transformer operates on token vectorial representations, which
are readily obtained for text through tokenization and token embeddings. The most effective
equivalent of tokens for images and processing pipeline remained unclear until 2020 when
the ViT was introduced [19].

The core idea of the ViT involves dividing the image into fixed-size tiles or patches, treating
these as tokens, as depicted in Fig. 2.10. The patches need to be flattened first and then linearly
projected to a constant latent vector dimension D. Then, positional embeddings are added to
retain the information about the relative position of each patch. The result of this is processed
by a transformer encoder block, which differs from the original transformer block in that
the layer normalization is applied before every block instead of after (refer to Fig. 2.6). Since
the ViT was introduced for image classification, the authors use a classification head at the
model’s output and leverage a learnable embedding prepended to the sequence of projected
patches. This learnable embedding acts as image representation, following ideas proposed
previously for BERT. Two popular versions of ViTs are Swin Transformers [80] and DeiT [81],
which focus on scalability and data efficiency, respectively.
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FIGURE 2.10: Vision Transformer (ViT) architecture overview. Left: General ViT pipeline. Right:
Transformer encoder design. From [19].
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2.3 Vision-Language Models

Models that integrate both vision and language capabilities are referred to as VLMs. The
typical VLM structure consists of a vision encoder, a text encoder, and a strategy or mechanism
to combine the two. During the training process using text and image data, the features of
both modalities are expected to “align," signifying that the model learns representations that
reveal the correspondence between text and vision, contributing to improved outputs. Tasks
addressed by VLMs encompass:

¢ Imageretrieval: Determining the most suitable image in a dataset that best corresponds
to an input sentence [82].

* Visual grounding: Matching the words in an input sentence to the corresponding
objects in an image [83].

* Visual Question Answering: Generating an appropriate answer to a question about an
image [39]. Due to its significance in this work, a more detailed overview of this task is
provided in Sec. 2.4.

* Image captioning: Given an image, providing an accurate caption that describes it [84].

* Image-text labeling: Assigning a label to an image-text tuple (e.g., hate speech detec-
tion [85]).

¢ Video summarization: Generate a summary for an input video [86].

An important breakthrough in VLMs is CLIP [87], where vision and language models are
trained end-to-end to maximize compatibility between matching image-caption tuples. This
method is widely employed to pre-train vision encoders that can subsequently be utilized for
other tasks.

2.3.1 Multimodal Large Language Models

A special sub-category of VLMs that has gained recent popularity is that of MLLMs [88-91],
also referred to as MMLLM [92]. A simple definition of MLLMs is an LLM-based model capable
of receiving and reasoning about one or more modalities different from text, with the ability
to output text or any other modality. Under this definition, these models are not limited to
images and language but can include other modalities such as audio, video, etc. Due to the
relation with this work, we focus only on MLLMs in which the additional modality is an image
and the output is text.

Two crucial questions arise at this point: (1) How to integrate the image into the LLM, and (2)
How to train the model using multimodal inputs? Regarding the first question, two pathways
have been explored: direct injection by aligning the image embeddings produced by a vision
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encoder to the LLM; and indirect injection, involving an expert proxy model translating the
image into natural language [93]. Examples of the first case include models like BLIP-2 [94],
LlaVA [89], InstructBLIP [88], VisionLLM [95], Otter [96], Llama-Adapters [97, 98]. An example
of the second case is VideoChat [99]. In both situations, limitations in the vision model
can propagate and affect the LLM output [100]. Regarding the second question, different
techniques have been proposed to extend the understanding of LLMs to image data, of which
the most relevant are the following [93]:

* Visual instruction tuning (VIT) [89]: An extension of instruction tuning [101], where a
pre-trained LLM is fine-tuned on a set of instruction-formatted samples. This allows the
model to learn to interpret instructions, execute them, and generalize to new instruc-
tions. The same principle is applied in visual instruction tuning, except that the image
is also included in the instructions.

* Visual In-Context Learning (ICL): An extension of in-context learning [102], where the
LLM is provided with a set of examples of the task at hand in different contexts, allowing
generalization to new contexts. Visual ICL extends this concept by incorporating images
into the examples.

¢ Visual Chain-of-Thought: An extension of Chain-of-thought, where the LLM is encour-
aged to reason through problems in a step-by-step manner. Visual Chain-of-Thought
maintains the same behavior but incorporates images into the training prompts.

* LLM-Aided Visual Reasoning (LAVR): Inspired by works in which LLMs manipulate
other models to execute tasks. In this scenario, the LLM can serve as a controller, a
decision maker, or a semantics refiner [93].

2.4 Visual Question Answering

VQA is a multimodal task where a model provides an answer to a question about a given
image [39]. Various skills are required from a VQA model to answer a question: finding
relations, comparing objects, counting, perceiving visual features, etc. When the data has a
medical nature, the task is referred to as Med-VQA. To differentiate, we refer to VQA for natural
images as general VQA. This section presents some key aspects of VQA for both natural and
medical images.

2.4.1 General VQA vs. Medical VQA

Although, in many cases, the principles, methods, and assumptions from VQA for natural
images can be applied to Med-VQA, there are two specific challenges that make Med-VQA
more complex:
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¢ Limited data: As discussed later in Section 2.4.3, the size of Med-VQA datasets is con-
siderably lower compared to general VQA. This is due to several reasons, such as the
expense of data acquisition [103] and the need for specialized knowledge [104]. Med-
VQA datasets require annotations from clinical experts who often lack sufficient time to
generate the annotations that the task requires. Another reason is the privacy constraints
that typically accompany medical data.

¢ Uniqueness of medical images and vocabularies: Medical data typically captures intri-
cate information about the human body. Due to the wide variety of organs and tissues
and the inter-patient variability and abnormalities, training models that accurately
perform tasks on these images is challenging. It is often the case that images acquired by
different machines have notable visual differences. All of this limits the development of,
for instance, object detectors, which have been shown to benefit general VQA [105]. On
the language side, the specialized vocabulary with relevant words that do not frequently
appear in the text constitutes another obstacle for Med-VQA.

2.4.2 ABrief History of VQA

Fig. 2.11 provides a summary of the evolution of general and medical VQA architectures over
time. The figure considers selected relevant publications, illustrating the overall progression
of model structures and highlighting components that received more attention at different
times.

Yang et al. i . Wang et al. Kimetal.
Stacked attention Anderson et al. Jiang etal. Uroojetal. gFA Synthetic Questions
Antol et al. BUTD Grid features Grounded VQA OpenAl
First VQA Kim et al . Wang et al.
paper im et al. Kim et al. GPT-
r_v Low-rank pooling BAN (Vision) Q&A prompts
5 Fukiu et al. BeTn tket al. Tan et al. Liang et al. | Teney et al. Li I
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FIGURE 2.11: Evolution of VQA models for natural and medical images over time. Relevant

publications are shown for each field. Above the year scale, schematic diagrams show the part(s)

of the architecture that received the most focus at a given time. In the block diagrams, V stands
for visual encoder, T for text encoder, F for multimodal fusion, and C for classifier.

26



2.4 Visual Question Answering

General VQA

The VQA task was officially introduced as a challenge in 2015 by Antol et. al [39], building
on previous works about visual queries [33, 36-38], as discussed in Sec. 1.1. The authors
proposed the architecture shown in Fig. 2.12. This model follows the principle of generating
embeddings separately for the image x and the question q, projecting these to the same
dimension, and then combining the projected embeddings using point-wise multiplication;
the result of the product is then fed to a classifier, which selects the most likely answer a, from
a set of pre-defined answer 4. Mathematically, this can be formulated as

a=argmaxpl(alx,q; ), (2.17)

acA

where 0 represents the parameters of the model, which is trained end-to-end using a cross-
entropy loss.

With CNNs and LSTM networks being the standard for vision and text at the time, early re-
search efforts in VQA focused on the multimodal fusion block. Pooling and decomposition
techniques such as Multimodal Compact Bilinear (MCB) [106], Multimodal Low-rank Bilinear
(MLB) [107], Multimodal Factorized Bilinear (MFB) [108], Multimodal Factorized High-order
(MFH) [109], and Multimodal Tucker Fusion for Visual Question Answering (MUTAN) [110]
were proposed. The idea behind these approaches is to facilitate richer interactions between
the visual and text embeddings by using bilinear pooling [106-108] or Tucker decomposi-
tion [110], while simultaneously seeking low dimensionality to make the operations feasible at
a large scale. Another breakthrough that happened at the time of the pooling methods was the
concept of attention applied to VQA [111]. Here, through Stacked Attention Networks (SAN),
the goal was to let the model learn which regions of the image were important to answer the
question. This enabled spatially assigning different weights to the visual features to generate
better answers and added some degree of explainability to the model.

Visual Encoder Projection
VGG MLP

Is the bear Text Encoder Projection
alive? LSTM MLP

FIGURE 2.12: First VQA architecture. Image and question embeddings are extracted and then
projected to the same dimension. The result is then combined using the element-wise product,
and a classifier provides the most likely answer at the output.
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Another breakthrough related to attention emerged with Bottom-Up Top-Down (BUTD) atten-
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