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Abstract

Visual Question Answering (VQA) is the task where given an image and a natural lan-
guage question, the objective is to generate a natural language answer. At the intersection
between computer vision and natural language processing, this task can be seen as a mea-
sure of image understanding capabilities, as it requires to reason about objects, actions,
colors, positions, the relations between the different elements as well as commonsense
reasoning, world knowledge, arithmetic skills and natural language understanding. How-
ever, even though the text present in the images conveys important semantically rich infor-
mation that is explicit and not available in any other form, most VQA methods remained
illiterate, largely ignoring the text despite its potential significance. In this thesis, we set
out on a journey to bring reading capabilities to computer vision models applied to the
VQA task, creating new datasets and methods that can read, reason and integrate the text
with other visual cues in natural scene images and documents.
In Chapter 3, we address the combination of scene text with visual information to fully
understand all the nuances of natural scene images. To achieve this objective, we define
a new sub-task of VQA that requires reading the text in the image, and highlight the lim-
itations of the current methods. In addition, we propose a new architecture that integrates
both modalities and jointly reasons about textual and visual features.
In Chapter 5, we shift the domain of VQA with reading capabilities and apply it on
scanned industry document images, providing a high-level end-purpose perspective to
Document Understanding, which has been primarily focused on digitizing the document’s
contents and extracting key values without considering the ultimate purpose of the ex-
tracted information. For this, we create a dataset which requires methods to reason about
the unique and challenging elements of documents, such as text, images, tables, graphs
and complex layouts, to provide accurate answers in natural language. However, we ob-
served that explicit visual features provide a slight contribution in the overall performance,
since the main information is usually conveyed within the text and its position. In con-
sequence, in Chapter 6, we propose VQA on infographic images, seeking for document
images with more visually rich elements that require to fully exploit visual information in
order to answer the questions. We show the performance gap of different methods when
used over industry scanned and infographic images, and propose a new method that in-
tegrates the visual features in early stages, which allows the transformer architecture to
exploit the visual features during the self-attention operation.
Instead, in Chapter 7, we apply VQA on a big collection of single-page documents,
where the methods must find which documents are relevant to answer the question, and
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provide the answer itself. Finally, in Chapter 8, mimicking real-world application prob-
lems where systems must process documents with multiple pages, we address the multi-
page document visual question answering task. We demonstrate the limitations of existing
methods, including models specifically designed to process long sequences. To overcome
these limitations, we propose a hierarchical architecture that can process long documents,
answer questions, and provide the index of the page where the information to answer the
question is located as an explainability measure.

Keywords – Vision and Language, Computer Vision, Pattern Recognition, Deep Learn-
ing, Scene Text Visual Question Answering, Document Visual Question Answering, Doc-
ument Collections, Multipage Documents



Resum

Visual Question Answering (VQA) és la tasca on donada una imatge i una pregunta en
llenguatge natural, l’objectiu és generar una resposta en llenguatge natural. En la intersec-
ció entre la visió per computador i el processament del llenguatge natural, aquesta tasca
es pot veure com una mesura de les capacitats de comprensió de les imatges, ja que re-
quereix raonar sobre objectes, accions, colors, posicions, les relacions entre els diferents
elements, així com emprar el sentit comú, coneixements globals, habilitats aritmètiques i
comprensió del llenguatge natural. No obstant, tot i que el text present a les imatges conté
informació semànticament important que és explícita i no disponible de cap altra forma,
la majoria dels mètodes VQA són analfabets, ignorant en gran part el text de les imatges
malgrat la seva potencial importància. En aquesta tesi, iniciem un viatge per aconseguir
aportar capacitats de lectura als models de visió per computador aplicats a la tasca VQA,
creant nous conjunts de dades i mètodes que puguin llegir, raonar i integrar el text amb
altres indicis visuals en imatges d’escenes naturals i documents.
Al Capítol 3, adrecem el problema de com combinar el text en escenes naturals amb la
informació visual per entendre completament tots els matisos de les imatges. Per a això,
definim una nova subtasca de VQA que requereix llegir el text de la imatge, destacant les
limitacions dels mètodes actuals i, en conseqüència, proposem una nova arquitectura que
pot raonar sobre ambdues modalitats.
Al Capítol 5, canviem el domini de VQA amb capacitats de lectura i l’apliquem en imat-
ges de documents escanejats, proporcionant una perspectiva final d’alt nivell al camp ded-
icat a intel·ligència sobre documents, els quals s’ha centrat principalment a digitalitzar el
contingut d’aquests documents i extreure valors clau sense tenir en compte la finalitat per
a la qual s’extreia la informació. Per a això, creem un conjunt de dades que requereix
que els mètodes raonin sobre els elements únics que es poden trobar en documents, com
ara text, taules, figures o gràfics disposats en complexos dissenys, per a aconseguir pro-
porcionar respostes precises en llenguatge natural. No obstant això, vam observar que les
característiques visuals explícites aporten una lleugera contribució al rendiment total, ja
que la informació es troba principalment al mateix text i en la seva posició. En conseqüèn-
cia, al Capítol 6, proposem aplicar VQA sobre imatges infogràfiques, buscant imatges de
documents amb elements visualment més rics que requereixin explotar al màxim la in-
formació visual per respondre les preguntes. En aquest capítol mostrem la diferència de
rendiment de diferents mètodes quan s’utilitzen sobre imatges de documents escanejats
o sobre imatges infogràfiques, i proposem un nou mètode que integra les característiques
visuals en les primeres etapes, el qual permet que l’arquitectura del model exploti les
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característiques visuals durant l’operació d’autoatenció.
En canvi, al Capítol 7, apliquem VQA a una gran col·lecció de documents d’una sola
pàgina, on els mètodes han de trobar quins documents són rellevants per respondre la pre-
gunta i proporcionar la resposta en si. Finalment, al Capítol 8, imitant els escenaris reals
on els sistemes han de processar documents amb diverses pàgines, proposem utilitzar doc-
uments multipàgina per a VQA mostrant les limitacions dels mètodes ja existents. A més,
proposem una arquitectura jeràrquica que pot processar documents llargs, respondre les
preguntes plantejades i proporcionar l’índex de la pàgina on es troba la informació per
respondre la pregunta com a mesura d’explicabilitat.

Paraules Clau – Visió i Llenguatge, Visió per Computador, Reconeixement de Pa-
trons, Aprenentatge Profund, Resposta de Preguntes sobre Imatges amb Text, Resposta
de Preguntes sobre Imatges de Documents, Col·leccions de Documents, Documents Mul-
tipàgina



Resumen

Visual Question Answering (VQA) es la tarea en la que dada una imagen y una pregunta
en lenguaje natural, el objetivo es generar una respuesta en lenguaje natural. En la in-
tersección entre la visión por computador y el procesamiento del lenguaje natural, esta
tarea puede verse como una medida de las capacidades de comprensión de las imágenes,
ya que requiere razonar sobre objetos, acciones, colores, posiciones, las relaciones entre
los diferentes elementos, así como utilizar el sentido común, conocimientos globales, ha-
bilidades aritméticas y comprensión del lenguaje natural. Sin embargo, aunque el texto
presente en las imágenes contiene información semánticamente importante que es ex-
plícita y no disponible en ninguna otra forma, la mayoría de los métodos de VQA son
analfabetos, ignorando en gran parte el texto de las imágenes a pesar de su potencial im-
portancia. En esta tesis, iniciamos un viaje para conseguir aportar capacidades de lectura
a los modelos de visión por computador aplicados a la tarea VQA, creando nuevos con-
juntos de datos y métodos que puedan leer, razonar e integrar el texto con otros indicios
visuales en imágenes de escenas naturales y documentos.
En el Capítulo 3, dirigimos el problema de cómo combinar el texto en escenas naturales
con la información visual para entender completamente todos los matices de las imágenes.
Para ello, definimos una nueva subtarea de VQA que requiere leer el texto de la imagen,
destacando las limitaciones de los métodos actuales y, en consecuencia, proponemos una
nueva arquitectura que puede razonar sobre ambas modalidades.
En el Capítulo 5, cambiamos el dominio de VQA con capacidades de lectura y lo apli-
camos en imágenes de documentos escaneados, proporcionando una perspectiva final de
alto nivel en el campo dedicado a la inteligencia sobre documentos, el cual se ha centrado
principalmente en digitalizar el contenido de estos documentos y extraer valores clave sin
tener en cuenta la finalidad para la que se extraía dicha información. Para ello, creamos
un conjunto de datos que requiere que los métodos razonen sobre los elementos únicos
que pueden encontrarse en documentos como texto, tablas, figuras o gráficos dispuestos
en complejos diseños, para conseguir proporcionar respuestas precisas en lenguaje natu-
ral. Sin embargo, observamos que las características visuales explícitas aportan una ligera
contribución al rendimiento total, puesto que la información se encuentra principalmente
en el mismo texto y en su posición. Por ello, en el Capítulo 6, proponemos aplicar VQA
sobre imágenes infográficas, buscando imágenes de documentos con elementos visual-
mente más ricos que requieran explotar al máximo la información visual para responder
a las preguntas. En este capítulo mostramos la diferencia de rendimiento de diferentes
métodos cuando se utilizan sobre imágenes de documentos escaneados o sobre imágenes
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infográficas, y proponemos un nuevo método que integra las características visuales en
las primeras etapas, que permite que la arquitectura del modelo explote las características
visuales durante la operación de autoatención.
En cambio, en el Capítulo 7, aplicamos VQA a una gran colección de documentos de
una sola página, donde los métodos deben encontrar qué documentos son relevantes para
responder a la pregunta y proporcionar la respuesta en sí. Por último, en el Capítulo 8,
imitando los escenarios reales donde los sistemas deben procesar documentos con varias
páginas, proponemos utilizar documentos multipágina para VQA mostrando las limita-
ciones de los métodos ya existentes. Además, proponemos una arquitectura jerárquica
que puede procesar documentos largos, responder a las preguntas planteadas y propor-
cionar el índice de la página donde se encuentra la información para responder a la pre-
gunta como medida de explicabilidad.

Palabras Clave – Visión y Lenguage, Visión por Computador, Reconocimiento de Pa-
trones, Aprendizaje Profundo, Respuesta de Preguntas sobre Imágenes con Texto, Re-
spuesta de Preguntas sobre Imágenes de Documentos, Colecciones de documentos, Doc-
umentos Multipágina



Contents

1 Introduction 1
1.1 Vision . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Language . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Scene Text . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.4 Document Understanding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.5 Outline, Research Questions and Contributions . . . . . . . . . . . . . . . . 8

2 Background 11
2.1 Text Detection and Recognition . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Word embeddings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.3 Visual Question Answering . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.3.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

I Natural Scenes 19

3 Scene Text Visual Question Answering 21
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.2 ST-VQA Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.2.1 Dataset creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.2.2 Analysis and Comparison with TextVQA . . . . . . . . . . . . . . 25
3.2.3 Tasks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2.4 Evaluation metric . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.3 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.3.1 Baselines results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.4 MMGrid Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.5 MMGrid results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.6 Evolution of ST-VQA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.7 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . 43

xiii



CONTENTS xiv

II Documents 45

4 Background 47
4.1 Document Understanding . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4.2 Machine Reading Comprehension and Question Answering . . . . . . . . 48

5 Visual Question Answering on Single Page Documents 51
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
5.2 SP-DocVQA Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.2.1 Dataset creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
5.2.2 Statistics and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.3 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
5.3.1 Heuristics and Upper Bounds . . . . . . . . . . . . . . . . . . . . . 60
5.3.2 VQA Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
5.3.3 Reading Comprehension Models . . . . . . . . . . . . . . . . . . . 61

5.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
5.4.1 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
5.4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.5 Evolution of VQA on Single Page Documents . . . . . . . . . . . . . . . . 71
5.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6 Visual Question Answering on Infographic Images 75
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
6.2 InfographicsVQA Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

6.2.1 Dataset creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
6.2.2 Question-answer types . . . . . . . . . . . . . . . . . . . . . . . . . 78
6.2.3 Summary, statistics, and analysis . . . . . . . . . . . . . . . . . . . 80

6.3 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
6.3.1 Heuristic baselines and upper bounds . . . . . . . . . . . . . . . . . 82
6.3.2 VQA Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

6.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.4.1 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

6.5 Evolution of VQA on Infographic Images . . . . . . . . . . . . . . . . . . . 96
6.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

III Document collections and multipage documents 99

7 Visual Question Answering on Document Collections 101
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
7.2 DocCVQA Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

7.2.1 Dataset creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
7.2.2 Evaluation metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

7.3 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
7.3.1 Text spotting + QA . . . . . . . . . . . . . . . . . . . . . . . . . . . 107



xv CONTENTS

7.3.2 Database approach . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
7.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

7.4.1 Evidences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
7.4.2 Answers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

7.5 Evolution of VQA on Document Collections . . . . . . . . . . . . . . . . . 112
7.6 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . 113

8 Visual Question Answering on Multipage Documents 115
8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
8.2 MP-DocVQA Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

8.2.1 Dataset creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
8.2.2 Dataset statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

8.3 Baselines . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
8.4 Hi-VT5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
8.5 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

8.5.1 Baseline results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
8.5.2 Hi-VT5 results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

8.6 Ablation study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
8.7 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

9 Conclusions and Future Directions 135
9.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135
9.2 New Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

List of Contributions 139

Bibliography 141



CONTENTS xvi



List of Tables

2.1 State-of-the-art methods on Text Spotting in 2019 and 2023 . . . . . . . . 12

3.1 Images and questions statistics of ST-VQA. . . . . . . . . . . . . . . . . . . 24
3.2 Baselines results on the ST-VQA dataset. . . . . . . . . . . . . . . . . . . . 33
3.3 MMGrid performance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.4 Evolution of datasets in Scene Text VQA . . . . . . . . . . . . . . . . . . . 41

5.1 Results of heuristic methods and upper bounds of SP-DocVQA . . . . . . 63
5.2 Performance of ST-VQA models on SP-DocVQA . . . . . . . . . . . . . . 64
5.3 Performance of BERT question answering model on SP-DocVQA. . . . . 65

6.1 Summary of VQA and Multimodal QA datasets. . . . . . . . . . . . . . . . 77
6.2 InfographicsVQA dataset statistics. . . . . . . . . . . . . . . . . . . . . . . 80
6.3 Results of heuristic methods and upper bounds of InfographicsVQA . . . 86
6.4 M4C results on InfographicsVQA. . . . . . . . . . . . . . . . . . . . . . . . 87
6.5 BERT results on InfographicsVQA . . . . . . . . . . . . . . . . . . . . . . . 87
6.6 LayoutLM results on InfographicsVQA . . . . . . . . . . . . . . . . . . . . 88

7.1 DocCVQA form fields analysis. . . . . . . . . . . . . . . . . . . . . . . . . 104
7.2 DocCVQA test set questions. . . . . . . . . . . . . . . . . . . . . . . . . . . 105
7.3 Baselines retrieval performance in DocCVQA . . . . . . . . . . . . . . . . 109
7.4 Baselines retrieval and answering results in DocCVQA . . . . . . . . . . . 110

8.1 Comparison between MP-DocVQA and main DocVQA datasets. . . . . . 118
8.2 MP-DocVQA dataset statistics along its construction process . . . . . . . . 119
8.3 MP-DocVQA methods hyperparameters. . . . . . . . . . . . . . . . . . . . 126
8.4 Baselines and Hi-VT5 results on MP-DocVQA dataset . . . . . . . . . . . 127
8.5 Hi-VT5 ablation study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
8.6 Results of Hi-VT5 with different [PAGE] tokens. . . . . . . . . . . . . . . 133
8.7 Hi-VT5 results when trained with different number of document pages. . . 133

xvii



LIST OF TABLES xviii



List of Figures

1.1 CNN learned features visualization. . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Example of two Computer Vision Neural Networks . . . . . . . . . . . . . 4
1.3 Relevance of Scene Text for different tasks. . . . . . . . . . . . . . . . . . . 6

2.1 VQA Datasets examples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.1 Scene-Text VQA examples. . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.2 Percentage of questions and answers per number of words. . . . . . . . . . 26
3.3 Starting 4-grams of ST-VQA questions. . . . . . . . . . . . . . . . . . . . . 26
3.4 Answer variability per questions in ST-VQA. . . . . . . . . . . . . . . . . . 27
3.5 ST-VQA proposed tasks examples. . . . . . . . . . . . . . . . . . . . . . . . 29
3.6 ANLS and Accuracy metrics comparison. . . . . . . . . . . . . . . . . . . . 30
3.7 Results per question type of baseline methods in ST-VQA. . . . . . . . . . 34
3.8 Baselines qualitative results on ST-VQA. . . . . . . . . . . . . . . . . . . . 35
3.9 MMGrid model architecture. . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.10 MMGrid cell assignment of the OCR words . . . . . . . . . . . . . . . . . 37
3.11 Qualitative results and attention masks visualization of MMGrid in ST-VQA 40
3.12 Evolution of method’s performance in ST-VQA dataset. . . . . . . . . . . . 42

5.1 SP-DocVQA example. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.2 SP-DocVQA source documents statistics. . . . . . . . . . . . . . . . . . . . 54
5.3 SP-DocVQA document’s industry source. . . . . . . . . . . . . . . . . . . . 55
5.4 SP-DocVQA question types. . . . . . . . . . . . . . . . . . . . . . . . . . . 56
5.5 SP-DocVQA question statistics. . . . . . . . . . . . . . . . . . . . . . . . . 57
5.6 SP-DocVQA answer statistics. . . . . . . . . . . . . . . . . . . . . . . . . . 58
5.7 SP-DocVQA recognized text statistics. . . . . . . . . . . . . . . . . . . . . 59
5.8 Baselines performance per answer type. . . . . . . . . . . . . . . . . . . . . 65
5.9 SP-DocVQA qualitative results 1 . . . . . . . . . . . . . . . . . . . . . . . . 66
5.10 SP-DocVQA qualitative results 2 . . . . . . . . . . . . . . . . . . . . . . . . 67
5.11 SP-DocVQA qualitative results 3 . . . . . . . . . . . . . . . . . . . . . . . . 68
5.12 SP-DocVQA qualitative results 4 . . . . . . . . . . . . . . . . . . . . . . . . 69
5.13 SP-DocVQA qualitative results 5 . . . . . . . . . . . . . . . . . . . . . . . . 70
5.14 Evolution of method’s performance in SP-DocVQA dataset. . . . . . . . . 71

xix



LIST OF FIGURES xx

6.1 InfographicsVQA example. . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
6.2 InfographicsVQA percentage of questions per types. . . . . . . . . . . . . 79
6.3 Staring 4-grams of questions in InfographicsVQA. . . . . . . . . . . . . . . 80
6.4 InfographicsVQA word clouds. . . . . . . . . . . . . . . . . . . . . . . . . . 81
6.5 InfographicsVQA images layout statistics. . . . . . . . . . . . . . . . . . . 81
6.6 LayoutLM based model architecture for InfographicsVQA . . . . . . . . . 83
6.7 Performance of baselines for different QA types. . . . . . . . . . . . . . . . . . 89
6.8 InfographicsVQA qualitative results 1 . . . . . . . . . . . . . . . . . . . . . 89
6.9 InfographicsVQA qualitative results 2 . . . . . . . . . . . . . . . . . . . . . 90
6.10 InfographicsVQA qualitative results 3 . . . . . . . . . . . . . . . . . . . . . 91
6.11 InfographicsVQA qualitative results 4 . . . . . . . . . . . . . . . . . . . . . 92
6.12 InfographicsVQA qualitative results 5 . . . . . . . . . . . . . . . . . . . . . 93
6.13 InfographicsVQA qualitative results 6 . . . . . . . . . . . . . . . . . . . . . 94
6.14 InfographicsVQA qualitative results 7 . . . . . . . . . . . . . . . . . . . . . 95
6.15 Evolution of method’s performance in InfographicsVQA dataset. . . . . . 96

7.1 DocCVQA task examples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
7.2 Number of relevant documents per question of DocCVQA. . . . . . . . . . 105
7.3 Baselines evidence retrieval per question on the DocCVQA test set. . . . . 109
7.4 Baselines answering performance per question on the DocCVQA test set. 111
7.5 Evolution of method’s performance in DocCVQA dataset . . . . . . . . . . 112

8.1 MP-DocVQA task example. . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
8.2 MP-DocVQA dataset statistics. . . . . . . . . . . . . . . . . . . . . . . . . . 120
8.3 Architecture of Hi-VT5 method . . . . . . . . . . . . . . . . . . . . . . . . . 123
8.4 Methods’ performance by answer page position. . . . . . . . . . . . . . . . 128
8.5 Answer-page retrieval correlation of Hi-VT5 . . . . . . . . . . . . . . . . . 129
8.6 Hi-VT5 qualitative examples in MP-DocVQA. . . . . . . . . . . . . . . . . 130
8.7 Visualization of the Hi-VT5 attention scores . . . . . . . . . . . . . . . . . 131



Chapter 1

Introduction

Humans constantly perceive and communicate with their environment through the use
of their five senses: sight, hearing, touch, taste, and smell. Perception is the process of
receiving, organizing, and interpreting sensory information from the environment. In hu-
mans, this is conducted by our abilities to see, hear, touch, taste, and smell, as well as
higher-level cognitive processes such as attention and memory, which allow us to recog-
nize and identify objects, events, and patterns in the world around us. Understanding goes
beyond mere recognition and involves the higher-level interpretation and integration of
perceived information into a coherent and meaningful whole. It involves not only recog-
nizing and identifying individual objects or events, but also grasping their relationships,
significance, and context. Understanding involves the use of knowledge, concepts, and
prior experiences to make sense of new information and to draw conclusions and make
judgments about it. In addition, we also have developed complex systems of communi-
cation, including language and nonverbal cues, which allow us to exchange information.
By combining the understanding of the environment and the communication of the pro-
cessed information, humans have been able to develop a rich and nuanced understanding
of the world. Because it is through communication that individuals share information,
ideas, and perspectives, allowing to construct a shared understanding of the world, which
in turn, can influence the way others perceive the world around them.

While perception in computer science is carried out by specific devices such as cameras,
microphones or sensors, reasoning about them is a complex task studied in Artificial In-
telligence (AI) research, lately performed through the use of Machine Learning (ML)
algorithms. These methods can learn to recognize patterns and relationships in the data,
and make predictions or decisions based on this learning. More specifically, Computer
Vision (CV) is the AI field dedicated to interpret and understand visual data from the
world around us, analyzing information of images from nature, cities, buildings, roads,
or any other environment that exists in the real world. In addition, the Document Im-
age Analysis and Recognition (DIAR) is a specific domain within computer vision that
focuses on processing and analyzing images of man-made artifacts such as books, doc-
uments, posters, radiographies or any other written or printed material, specially used to
convey information or ideas where text is specially relevant.

1
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On the other hand, the study of the communication is carried out by the Natural Language
Processing (NLP) field, which models the interaction between computers and human (nat-
ural) languages, focusing on the development of algorithms and models that can process,
analyze, interpret and generate natural language in order to facilitate human-computer
communication.

In the intersection between vision and language, Visual Question Answering (VQA) is a
task where an AI agent takes as input an image and a natural language question about the
image in a free-form, open-ended format, and must provide an accurate natural-language
answer as the output. These questions may include identifying specific objects or at-
tributes in an image, recognizing activities or emotions, determining the presence of cer-
tain characteristics, or using background knowledge to understand the scene. Therefore,
VQA can be seen as a means of assessing the agent’s comprehension ability about the
images, and therefore, about the world and situations they depict.

However, there is crucial information that has been long ignored in VQA models. The
text present in the images conveys unique information that is explicit and not available in
any other form within the scene. Particularly in man-made environments, it is essential in
order to perform most everyday tasks like making a purchase, using public transportation,
finding a place in the city, getting an appointment, or checking whether a store is open or
not among others. Moreover, this significance is further accentuated when dealing with
documents like reading a restaurant’s menu, reviewing an invoice or an application form,
or understanding product manuals.

In this thesis, we set out on a journey to bring reading capabilities to CV models applied
to the VQA task, creating new datasets and methods that can read and integrate the text
with other visual cues in order to reason about all the contents of images in natural scenes
and documents, and capture all the nuances of the images. In the following subsections,
we present an overview of the diverse modalities used in the VQA task, essential for
contextualizing this thesis.

1.1 Vision

According to Marr [141], vision is the process of discovering from images what is present
in the world, and where it is. In humans, the light coming from the environment is cap-
tured by the photoreceptor cells in the retina of the eye, where it is converted into electri-
cal signals that are sent to the brain for further processing and interpretation, constructing
depictions of color, shape, edge, and locations of objects and their interactions with the
environment. Researchers, have taken inspiration from the human biological process, di-
viding the perception and interpretation of the visual information into two streams. The
perception is conducted by cameras that are sensitive to the electromagnetic radiation
of the light through photodiodes, which captures the light, and converts it into electric
signals divided into three main components, red, green and blue (RGB), which are later
represented as color channels. The combination of such channels will create different col-
ors and tonalities, and the amount of sensors used during the light capture will determine
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the number of pixels of the final image. Hence, images in computers encode different
light intensities of a pixel as a 2-dimensional matrix for each color channel. Dealing with
this way of representing an image provides several benefits to visualizing, compressing
and retrieving large-scale imaging data. However, such representation is hardly useful to
obtain semantically rich information (present objects, interactions, spatial relations, text,
etc.) by standard programming approaches.

Therefore, computer vision approaches have benefited from machine learning methods to
develop algorithms that are able to see and interpret digital imagery. In the early days of
computer vision, researchers used handcrafted methods [13, 132] by manually designing
heuristics and algorithms to extract information from images. However, after the suc-
cess of Neural Networks (NN) and Convolutional Neural Networks (CNN) [106, 110],
they have been the standard approach in order to automatically learn representations from
the images. CNNs consist of a set of convolutional layers with multiple learnable filters,
called kernels, that are used to scan the input image. Each filter is responsible for detect-
ing a specific feature in the image, and the result of the convolution operation is a feature
map, which encodes the presence of the specific feature in different parts of the image.
While early convolutional layers of a CNN detect low-level features such as edges and
textures (Figure 1.1 left), the deeper layers, which combine the information from multiple
lower-level features, detect more complex patterns such as entire objects or parts of them
(Figure 1.1 right). Later advancements on top of CNNs that overcame problems such as
vanishing gradients and improved the computational efficiency, allowed deeper and big-
ger networks [64, 65, 171]. More recently, Transformer based [211] approaches [24, 44]
have been employed with success to achieve better results or obtain compact image em-
beddings. In a vision transformer architecture, the image is first divided into a fixed-size
grid of non-overlapping patches, and then each patch is transformed into a feature vec-
tor using a linear embedding or a CNN. These feature vectors are then processed by the
transformer layers, which perform self-attention and feed-forward operations to capture
the relationships between the patches in the image. At the end, the output of the trans-
former layers is processed by a linear layer to produce the final prediction. Alternatively,
the image representation of the last transformer layer can be used to represent the image
in multimodal or retrieval tasks. However, these approaches require a high amount of
annotated data and computational resources.

Figure 1.1: Visualization of features learned by different kernels from earlier (left) to later
(right) convolutional layers.



Introduction 4

Figure 1.2: Example of two Computer Vision Neural Networks. At the top, a Convolu-
tional Neural Network (CNN) [110] where convolutional and pooling layers alternate to
extract a series of features through kernels, and reduce their dimension, while maintaining
the most important information. In the end, a set of linear layers project these features
to the final dimension that will depend on the task, and will enable making a prediction.
At the bottom, a Vision Transformer (ViT) [44] network, where each patch in the image
is embedded by a linear projection and a positional embedding is used to determine the
order of the patches in the image. Then, in the Transformer encoder all patches attend to
all the other patches through the multiple self-attention layers. At the end, a Multi Layer
Perceptron (MLP) is used to project the contextualized features into the final dimension,
and perform the prediction.
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1.2 Language

Chomsky [34] defines language as the ability of speakers to comprehend and construct
grammatical sentences. In humans, language is processed through a complex interplay of
cognitive processes, including perception, comprehension, and generation. In computers,
it is captured through textual or spoken input through a keyboard or microphone, where
it’s converted into a format that computers can process. This input may include words,
sentences, or even entire documents. Natural Language Processing (NLP) is the field
that studies and designs algorithms capable of understanding and interpreting human lan-
guages. The initial step for processing it involves transforming raw text into a structured
representation that can be analyzed and manipulated with techniques such as tokenization,
part-of-speech tagging, and syntactic parsing to break down the language into its funda-
mental units and uncover its grammatical structure. However, dealing with language in
computational systems presents its own set of challenges. Unlike images that are rep-
resented as matrices, text is inherently sequential, possesses a hierarchical structure and
exhibits nuances, such as ambiguity, context-dependency, and cultural variations, making
it a complex and dynamic domain, where standard programming approaches often fall
short in capturing the richness and subtleties of human language.

Even though it is possible to represent words with one-hot vectors by encoding each word
in a dictionary, such an approach would result in a very sparse and fixed dictionary unable
to incorporate new words. In consequence, earlier methods [19, 87, 109] attempted to
model the language by building handcrafted features in a hierarchical manner, modelling
the co-occurring statistics of the words. Later approaches [147, 159] relied on neural net-
works to encode each word with a compact, low-dimensional vector embedding, which
allowed clustering the words according to different features such as the words’ morphol-
ogy, their syntactic role or their semantics. However, these approaches required large
vocabulary dictionaries to encode all possible words. To alleviate this problem, later ap-
proaches [20, 42] decomposed each word into its most common n-grams, which allowed
to represent more diverse vocabulary with smaller dictionaries. Such compact embed-
dings were also able to capture the semantics or morphology of the words, clustering
similar words together and providing special mathematic properties.

In order to encode longer sequences, such as captions or long paragraphs, the standard
approach consisted on directly employing single-word pre-trained word embeddings to
be later fed into a Recurrent Neural Network (RNN) [33, 69, 174]. However, NLP has
recently had a major breakthrough with the introduction of Transformers [211], which
consist of a set of multi-headed attention layers, each on top of the other, where the
input is decomposed into queries, keys and values, that are used to compute the attention
in an all vs all fashion. Such architecture has yielded to significant improvement gains
compared to RNNs, while at the same time avoids problems such as vanishing gradients
and allows longer sequences to be modeled.
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1.3 Scene Text

Scene text is a type of unstructured text that is present in natural images or video frames.
It provides valuable and explicit semantic information that is essential for a complete
interpretation of the world representation. In particular, scene text is abundant in urban
environments, where it can be found in signs, billboards, license plates, street names,
advertisements or storefronts among others. Therefore, without considering the scene
text, it is not possible to provide an answer or a detailed description of the content within
an image. Instead, by accurately integrating scene text with visual cues, a richer and more
nuanced representation can be achieved, leading to more accurate results in a wide variety
of tasks such as image classification, image captioning, or visual question answering as
demonstrated in Figure 1.3.

Image classification and retrieval
Building

Visual Question Answering
Q: What is the name of the restaurant?
A: UNKNOWN

Image Captioning
A man walking down the street

Image classification and retrieval
Hot Dog Restaurant

Visual Question Answering
Q: What is the name of the restaurant?
A: Essie’s Original

Image Captioning
A man walking in front of Essie’s hot-
dog shop.

Figure 1.3: Scene text provides explicit information essential to fully understand the
scenes, making it crucial for achieving accurate results in tasks such as image classification,
visual question answering and image captioning.

Nevertheless, detecting and recognizing scene text is a challenging problem due to the
wide variety of fonts, colors, orientations, and sizes that text can appear in, the background
complexity and inference factors such as noise, blur, distortions, and occlusions, all of
which contribute to the difficulty of the task. The task can be tackled by performing text
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detection and recognition in two sub-tasks, first detecting and localizing the text instances
in the image, and latter using a recognition system to transcribe and convert the content of
the detected text regions into linguistic symbols. The other approach is to tackle the task
in an end-to-end fashion, where the system performs both text detection and recognition
in one unified pipeline.

In this thesis, rather than focusing on the text detection and recognition task itself, we will
make use of already existing methods to leverage the semantics of scene text in order to
capture all the nuances of the image.

1.4 Document Understanding

Documents are a rich source of information, often containing a significant amount of data
within a relatively small amount of space. They play a critical role in our daily live,
and specially in various fields such as government, education, research or many business
like banks and insurance companies. Therefore, the ability to extract and understand
the information contained within documents is essential to make informed decisions and
take effective actions. However, automatic information extraction can be challenging,
since it can be present in a wide range of forms including text, images, tables or graphs.
This is particularly true in specialized fields such as legal or technical studies, where the
information may be complex in nature. Furthermore, scanned images may be subject to
degradation due to factors such as image binarization, poor scan quality, or deterioration
of the original documents. In addition, the intricate layout of documents poses additional
challenges for computers in effectively interpreting all the information contained within,
and even determining the correct reading order may prove difficult.

Most works have focused on structured or semistructured documents such as forms, in-
voices, receipts, passports, ID cards, e-mails or contracts among others. In the earlier
years, the research was mostly focused on text recognition, initially dealing with printed
text (OCR systems) and then with handwritten text. Later works [41, 176] proposed
systems that integrate different tasks such as document classification and information ex-
traction to address specific business requirements. These systems relied on predefined
rules and required the creation of specific templates for each new document type. Later
on, learning-based methods [36, 157] allowed to automatically classify the type of doc-
ument and identify relevant fields of information without predefined templates. Recent
advances in deep learning [126, 228, 239] leverage natural language processing, visual
feature extraction and graph-based representations in order to achieve a global view of
the document that take into account word semantics and visual layout in the process of
information extraction. The integration of all these modalities, provide an excellent op-
portunity to extend the capabilities of VQA models to documents, opening new avenues
for research and innovation in this field.
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1.5 Outline, Research Questions and Contributions

The thesis is divided in 3 parts, all focusing on applying Visual Question Answering that
requires to integrate recognized text from the images in different domains and settings.

The first part is dedicated to VQA on natural scenes, where the scene text is essential to
answer the questions. For this, first we provide the context and previous work on generic
VQA methods (chapter 2), and then, propose a dataset and method tackling the task (chap-
ter 3). The second part is focused on applying VQA on document images, we first provide
the context of document understanding tasks and question answering methods (chapter 4),
and explore VQA on single page document images on two different types of documents,
industry scanned documents (chapter 5) and infographic images (chapter 6). Finally, the
last part focuses on performing VQA on documents considering multiple images, a col-
lection of multiple single page documents (chapter 7), and multipage documents (8). At
the end of the thesis, we also present in chapter 9 the conclusions of the thesis and the
future directions.

All the datasets and code created during the thesis have been made publicly available
in the Robust Reading Competition Platform1, where all the challenges [17, 205] held
accompanying the different tasks have been hosted. In this platform, researchers can
evaluate their methods against a public test dataset where we have a public leaderboard
with tables of quantitative and qualitative results of submitted methods, which helps to
easily compare different behaviors.

In the following paragraphs, we provide the reader with a summary of the chapters in-
cluded in this thesis, with the research questions that motivated each work.

Part I – VQA on Natural Scenes

Chapter 3 - Scene Text Visual Question Answering

Research Question 1: Can VQA models integrate reading capabilities and leverage the
text in the image to answer the questions?

Research Question 2: What type of data do we need to make VQA models literate?

We observe that VQA models are illiterate, incapable of answering any questions that
require reading the text. In response, we create a new dataset called Scene-Text Visual
Question Answering (ST-VQA), which emphasizes the importance of properly leverag-
ing the high-level semantic information present in the form of scene text within images.
We also provide several baselines, demonstrate the impact of using textual features and
propose a new method that can point the answer directly to the scene text in the image
by attending to multimodal grid features, allowing it to reason jointly about textual and
visual modalities.

1https://rrc.cvc.uab.es/
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Part II – VQA on Documents

Chapter 5 - Visual Question Answering on Single Page Documents

Research Question 1: Can VQA task be used to guide information extraction on docu-
ments, providing the queries and the answers in natural language form?

Research Question 2: What are the unique challenges in VQA on documents that are not
present in natural scenes? Can ST-VQA methods be applied on documents where textual
information is largely predominant and relevant in documents?

Document understanding has focused on specific methods and pipelines for each infor-
mation extraction task. Instead, we propose to use VQA on documents as a high-level
task focused on the ultimate purpose the information will be used for, using VQA as a
generic document understanding and information extraction interface by asking questions
over the scanned document images. In this case, the information extraction is conditioned
on a natural language question, and a natural language answer is expected as the output.
To achieve this objective, we create the dataset Single Page Document Visual Question
Answering (SP-DocVQA) where the questions are posed over industry scanned docu-
ments. Then, we use ST-VQA and NLP QA methods on the new dataset and demonstrate
their limitations to handle complex document layouts, tables, and figures, as well as large
amounts of text, which is often much greater than in natural scenes. This highlights the
need for specific methods that can effectively tackle the unique challenges presented by
documents.

Chapter 6 - Visual Question Answering on Infographic Images

Research Question 1: How can we leverage visual information in document images?

Research Question 2: How can VQA models perform complex reasoning integrating
visual, textual and spatial modalities?

Due to the low relevance of explicit visual information on industry scanned documents for
VQA, we consider to look for more complex images to explore the limits of current meth-
ods. For this, we use infographic images because they contain more complex and visual
elements such as icons and graphics, and the color, shapes and visual appearance of such
elements are, more often than not, visual cues that help linking different elements refer-
ring to the same concept. Then, we create a challenging dataset named InfographicsVQA
that requires the methods to model spatial, visual and semantic information together. We
provide several baselines to show that even the methods that use spatial and visual modal-
ities perform poorly when compared against their performance on industry scanned doc-
uments, which highlights the need for a specific architecture that jointly reasons about
all modalities. Hence, we propose a transformer method that integrates visual features in
early stages to leverage the visual information during the self-attention operation.
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Part III – VQA on Documents with multiple images

Chapter 7 - Visual Question Answering on Document Collections

Research Question 1: Is it possible to extract information from a collection of documents
using a Visual Question Answering task as a natural language interface?

Research Question 2: Can Document Visual Question Answering methods process a
collection of single-page documents?

While research on VQA on single page scanned documents progress rapidly, we consider
if it is possible to process multiple images for each question-answer pair. Inspired by real
applications where multiple documents are analyzed at the same time to extract aggre-
gated information, we propose to recreate this scenario in Visual Question Answering.
Due to the big size of the document collection, this task is formulated as a retrieval-
answering task, which involves a two-stage process. First, the relevant documents are
retrieved based on the given question, and then the question is answered using the re-
trieved documents.

Chapter 8 - Visual Question Answering on Multipage Documents

Research Question 1: Can Document Visual Question Answering methods process mul-
tiple images simultaneously?

Research Question 2: Is it possible to ascertain that a VQA model not only produces
accurate responses, but also supplies an explanation for the reasoning behind its answers?

In this chapter, we apply VQA on multipage documents, in contrast to the previous col-
lections of single page documents. This requires smaller sets of images and with this task
we seek to model the interplay between the different pages in a single stage. Thus, we
demonstrate the limitations of different DocVQA and QA methods for long sequences
of tokens, and create a hierarchical method that can process long documents in a single
step, processing all the pages simultaneously and providing the answer to the question. In
addition, the model also includes a module to identify the location where the information
to answer the question is found, enabling to identify the answers that have been inferred
from the input data, and those derived from prior bias.



Chapter 2

Background

2.1 Text Detection and Recognition

The task of text detection and recognition in natural images sets the starting point for
generic VQA systems to start integrating textual cues and move towards VQA systems
with complete scene understanding. The most common approach in the reading systems
community consists of two steps, text detection and recognition.

In text detection, several methods [121–123, 136, 180, 246] adapt object detection meth-
ods by modifying the region proposal and bounding box regression modules to localize
text instances. An alternative approach is to predict sub-text components (pixels [39, 220],
characters [8] or medium-granularity components [180, 203, 242]) to finally assemble
them into a text instance. While sub-text component-based methods may face increased
complexity in assembling the components into complete instances, which can be com-
putationally expensive and more challenging than object detection-based methods for di-
rect text localization, they offer the advantage of providing fine-grained information at
the character-level or sub-component-level attributes. In addition, the flexibility of these
methods allows them to better adapt to curved, long and oriented text.

In text recognition, the input consists of a cropped text instance which contains only
one word. Two major techniques for text recognition are the Connectionist Temporal
Classification (CTC) [58], and the encoder-decoder paradigm [195]. Both techniques
use CNNs to encode the images into feature spaces but differ on how they decode the
text. In CTC based methods [66, 181, 182] the input images are viewed as a sequence of
vertical pixel frames, and the network outputs a prediction per each frame indicating the
probability of all possible per-frame prediction for a text string by stacking RNNs on top
of CNNs. In contrast, the encoder-decoder methods for text recognition [9, 31, 111, 130]
uses an RNN to read an input sequence and pass its final latent state to a decoder RNN,
generating the output in an autoregressive way. The main advantage of the encoder-
decoder framework is that it provides outputs of variable lengths, which is particularly

11
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useful when recognizing text of different lengths.

Recently, many methods [21, 23, 67, 127, 135, 163, 246] have opted to perform both
text detection and recognition tasks end-to-end, which is known as text spotting. These
methods are considered more efficient and robust, and often achieve better results by
leveraging the context and layout of the entire image when recognizing text. However,
these are considered as context-free methods because they lack of the understanding of
the text semantics, and consequently they are less robust against occluded or incom-
plete text. In contrast, the current trend [12, 37, 47, 118, 152] has become to use lan-
guage models to interpret the contextual scene text to correct possible errors produced
by poor visual conditions on particular regions of the images. Moreover, along with
language models, the recent use of Transformers for text spotting has allowed the meth-
ods [241, 243] to jointly perform curved text instance detection and recognition with-
out the need of any heuristics-driven post-processing procedures, nor Region-of-Interest
operations. Furthermore, Vision-Language models pre-trained on webscale data like
CLIP [164] or ALIGN [84] has shown remarkable zero-shot capacity with strong scene
text perception abilities, and can robustly perceive irregular text in natural images. In
consequence, this makes them a good choice as the backbone for some methods [243],
providing a superior starting baseline, and allowing them to achieve the best current re-
sults. There are several comprehensive surveys [30, 131] that cover the topic of Scene
Text detection and recognition topic and provide further details on every task, dataset and
method.

Dataset Year
Best method 2019 Best method 2023

Name Acc. Name Acc.

SVT [216] 2011 ASTER [183] 93.6 CLIP4STR [243] 98.3
IIIT-5K [148] 2012 ASTER [183] 93.4 CLIP4STR [243] 99.2
ICDAR-13 [94] 2013 FAN [31] 93.3 ParSeq [12] 98.4
SVTP [160] 2013 ASTER [183] 78.5 CLIP4STR [243] 97.2
CUTE [172] 2014 ASTER [183] 79.5 CLIP4STR [243] 99.3
ICDAR-15 [93] 2015 ASTER [183] 76.1 CLIP4STR [243] 91.4

Table 2.1: State-of-the-art Text Spotting in 2019 (at the start of the Ph.D.) and Current
Performance in 2023. The performance of Text Spotting methods in 2019, especially on
easy rectangular non-occluded text, allowed to glimpse the potential of utilizing text in
images for higher-level tasks.

As shown in Table 2.1, state-of-the-art methods at the outset of this thesis were achiev-
ing an accurate detection and recognition performance of horizontal text on well-known
datasets like SVT [216], IIIT-5K [148], and ICDAR-13 [94], with an accuracy rate ex-
ceeding 90%. While further improvements were still needed for text in arbitrary orienta-
tions and shapes as indicated by the performance on datasets like CUTE [172], ICDAR-
15 [93], and SVTP [160], the maturity of the field and the promising results motivated the
use of recognized text in complex tasks like Visual Question Answering.
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2.2 Word embeddings

In order to process the text, either sourced from a machine-readable format or recognized
text extracted from an image, it must be encoded as a vector. Even though it is possi-
ble to represent the words with a one-hot vector encoding the position of each word in
a fixed dictionary, such approach would lead to a very sparse and fixed representation
incapable of incorporating new words. Moreover, this representation would not account
for the meaning, semantics, or morphology of the words, and consequently, a model us-
ing one-hot vectors would need to learn the meaning and relationships of the words from
scratch, which can be challenging and inefficient. Instead, word embeddings enable word
vectors to capture similarities and relationships between words that can be beneficial for
text recognition tasks, such as correcting errors and handling misspellings, or in Visual
Question Answering where the semantic and relationship between the question and the
recognized words are crucial to answer the questions. Nevertheless, there are different
word embeddings that aim to capture different properties.

PHOC [3] proposed a more refined use of binary vectors, encoding if a specific character
appears in a particular spatial region of the string, creating a Pyramidal Histogram Of
Characters at multiple levels. This compact representation doesn’t require to be trained,
captures the morphology of the words, and it does not require a fixed vocabulary. On the
other hand, it doesn’t encode any semantic information. Other approaches rely on Neural
Networks and usually represent words as compact low-dimensional vector embeddings.
In Word2Vec [147], the main idea is to teach a network to predict the most probable words
that fit a common context given by the surrounding words (skip-gram) or the most likely
neighbors of a word (contiguous bag-of-words). Therefore, if two words share the same
context, they should end up having similar embeddings. Instead, GloVe [159] encodes
the word semantics based on the ratios of word-to-word co-occurrence probabilities, and
is therefore trained on a global word-to-word matrix of global co-occurrence by minimiz-
ing the Mean Square Error between the dot product of the word embeddings and their
probability of co-occurrence.

However, such embeddings are designed to work with single tokens, each representing
a different word. Consequently, these embeddings are equally encoded within a fixed
dictionary that, although its vectors convey semantic meaning, is still fixed and can’t
deal with out-of-vocabulary words. To alleviate this problem, FastText [20] proposes to
create the vocabulary with the most common n-grams [178], encoding each word with
overlapping sub-word embeddings. It is trained with the skip-gram strategy to exploit
the semantics and morphology of the words, while dealing with out-of-vocabulary words.
The resulting pretrained embeddings acquire interesting mathematical properties such as:

ki ng −man +woman ≈ queen

Par i s −F r ance +Ger many ≈ Ber l i n

thus, allowing the operation of algorithms in semantic spaces that allow models to better
work with high-level concepts.
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BERT [42] leverages Transformers’ self-attention to learn contextualized word embed-
dings. Unlike previous word embeddings that assign fixed vector representations to words
regardless of their context, BERT takes into account the surrounding words and their
order within a sentence to generate context-dependent word embeddings. Moreover, it
introduced the concept of self-supervised pretraining tasks to learn meaningful represen-
tations from large amounts of unlabeled text data, to be latter fine-tuned on the down-
stream task with slight or no changes in the architecture. More specifically, it introduced
the pretraining tasks of Masked Language Modeling and Next Sentence Prediction. In
the former it predicts a missing word within a sentence, enhancing the understanding of
word dependencies, and in the latter, it facilitates its application in tasks requiring un-
derstanding of sentence-level relationships. Moreover, besides the word-level represen-
tations, BERT introduces a compact representation of the whole sentence using a special
token called [CLS], which is inserted at the beginning of the input sentence and allows to
represent the whole sentence without the need of any Recurrent Neural Network. The
success of this Transformer-based embedding led to a vast amount of new variations
[51, 108, 115, 128, 165, 166, 175], based on different pre-training tasks and the use of
more and varied datasets.

At the intersection between Vision and Language, Visual Question Answering requires to
effectively model the relations between the words and thus, using the appropriate word
embeddings is of crucial importance.

2.3 Visual Question Answering

Visual Question Answering (VQA) aims to come up with an answer to a given natural
language question about the image. Since its introduction, VQA has received a lot of
attention from the Computer Vision community [2, 6, 50, 57, 76, 86, 137, 170, 235]. In
the following subsections, we first provide an overview of the VQA datasets, including
key aspects such as their size, question-answer types, image diversity or specific chal-
lenges conveyed. Secondly, we describe previous VQA methods that don’t consider the
recognized text in the scenes, focusing on the most popular approaches.

2.3.1 Datasets

The DAQUAR [137] dataset was the first toy-sized QA benchmark built upon indoor
scene RGB-D images, but the limited variety of questions and size, reduced its effective-
ness to assess real the method’s VQA capabilities. VQA (or VQA 1.0) [6] is considered
the first modern VQA dataset due to its size and variability. The dataset contains both
open-ended and multiple-choice questions for real scenes and clip-art images, which com-
pounds two different subsets of the dataset. The dataset presented some biases. Several
questions could be answered correctly without considering the images (binary questions
represent 38% of the dataset, and 59% of them are answered with ‘Yes’. Moreover, be-
cause the images are sourced from MS COCO [124], many sport related questions can
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be answered with ‘tennis’ or ‘baseball’, and questions asking for animals are usually an-
swered with ‘cat’ and less frequently ‘dog’. VQA 2.0 [57] is an evolution of VQA 1.0
which balanced the dataset by collecting complementary images such that every ques-
tion in the new dataset is associated with more than one image, resulting in two different
answers to the question.

CLEVR [86] is a collection of 100,000 synthetic images of 3D shapes such as spheres and
cylinders. It is built to contain minimal biases and has detailed annotations describing the
kind of reasoning each question requires. This enables performing an in-depth analysis of
the methods by slicing the dataset along different axes (question type, relationship type,
question topology, etc.), which allows a better understanding of the reasoning capabili-
ties of VQA system. Visual Genome [104] is a large-scale multitask image understand-
ing dataset and knowledge base that combines images, structured metadata and natural
language descriptions. The dataset contains over 108,077 images, each annotated with
region-level objects and attributes, spatial relationships between objects, and free-form
textual descriptions. It is the biggest question answering dataset with 1,773,258 question
answer pairs (excluding automatically generated QA datasets). Moreover, the questions
start with one of the six Ws (what, where, when, who, why, and how), which makes the
dataset offer a considerable coverage of question types, ranging from basic perceptual
tasks (e.g. recognizing objects and scenes) to complex common sense reasoning (e.g.
inferring motivations of people and causality of events).

VizWiz [60] differs from the rest of the VQA datasets because the images were captured
through a real application by blind photographers, and they often have poor quality with
problems such as blur, inadequate lighting, finger covering the lens or poor framing of the
image content. This actually turned ∼ 28% of the questions to be deemed unanswerable.
Moreover, the questions were originally spoken, and they look more conversational. In-
terestingly, regarding the topic of this thesis, a recent study [237] on VizWiz shows that
text recognition is the second most common skill required to answer the visual questions.
Specifically, the most common skill is object recognition (required in 93.25% of the ques-
tions), followed by text recognition (45.33%), color recognition (22.06%), and counting
(1.49%).

Other works have focused on introducing new reasoning requirements, such as multi-
lingual questions in FM-IQA [50], the need of prior knowledge to answer questions
that can’t be answered directly from the image in KB-VQA [218], FVQA [219], and
OK-VQA [140], arithmetic skills to solve complex counting questions in HowMany-
QA [210], and TallyQA [1], or the use of multiple sources of information in MovieQA [201],
where the inputs to answer a question are the movie video clips, the plot synopses, the
script, the subtitles, and the descriptive video service for visually impaired people. One
work specially interesting regarding the third part of the thesis (VQA on Multipage Doc-
uments) is ISVQA [10], where the questions are posed on indoor and outdoor scenes
depicted by a set of natural images. Within this set of images, some of them depict
overlapping parts of the scene, and consequently the methods must learn to differentiate
between a new perspective of an already seen region from a region not seen before.
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Q: There is a rubber cube in front of the big cylin-
der in front of the big brown matte thing; what is
its size?
A: Small

Q: What number of purple shiny things are there?
A: 1

Q: What is the mustache made of?
A: Bananas

Q: Is this a vegetarian pizza?
A: No

Q: Is it sunny outside?
A: Yes

Q: When is the expiration date?
A: unanswerable

Figure 2.1: Examples of different VQA Datasets: (top) CLEVR [86], (middle) VQA [6],
(bottom) VizWiz [60]
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2.3.2 Methods

Early VQA approaches focused on combining visual features with natural language pro-
cessing techniques, where visual and textual features were combined using late or early
fusion strategies [89, 137]. With the advent of deep learning, VQA witnessed a significant
shift towards end-to-end trainable models [138, 245], where CNNs and RNNs were em-
ployed to extract visual and textual features respectively. Later on, attention mechanisms
methods [5, 96, 184, 233, 249] played a crucial role in improving VQA performance by
selectively focusing on relevant image regions or words during the reasoning process.
One relevant methods is SAAA [96] which creates multiple attention maps (glimpses)
from the image and textual features that are concatenated and passed through an MLP to
produce the probabilities over the answer classes. SAN [233] employs multiple layers
to progressively attend to relevant image regions and question words, refining the visual
and textual representations at each layer. BUTD [5] proposes a combined bottom-up and
top-down attention mechanism that enables attention to be calculated at the level of ob-
jects and other salient image regions. Instead of performing simple concatenation, sum
or dot product between the image and text vectors as most of the methods, MCB [48]
uses Bilinear pooling models [202] to compute the outer product between both modality
vectors, capturing the relation between all the elements. Finally, in [85] the authors revisit
grid features for VQA as an alternative to the popular methods based on BUTD attention,
showing that grid-based methods perform an order of magnitude faster while yielding
comparable results.
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Part I

Natural Scenes
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Chapter 3

Scene Text Visual Question Answering

Visual question answering datasets did not consider the rich semantic information
conveyed by text within an image. In this chapter, we present a new task aimed
to highlight the importance of exploiting high-level semantic information present in
images as textual cues in the Visual Question Answering process. We create a dataset
ST-VQA, and define a series of tasks of increasing difficulty for which reading the
scene text in the context provided by the visual information is necessary to reason
and generate an appropriate answer. We also propose a new evaluation metric for
these tasks to account both for reasoning errors as well as shortcomings of the text
recognition module. In addition, we put forward a series of baseline methods which
provide further insight to the newly released dataset, and propose a new model that
integrates the textual and visual features by representing the images with a multimodal
grid, where a single attention mechanism points to the cell containing the answer.
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3.1 Introduction

Textual content in man-made environments conveys important high-level semantic in-
formation that is explicit and not available in any other form in the scene. Interpreting
written information in man-made environments is essential in order to perform most ev-
eryday tasks like making a purchase, using public transportation, finding a place in the
city, getting an appointment, or checking whether a store is open or not, to mention just
a few. Actually, text is present in about 50% of the images in large-scale datasets such as
MS Common Objects in Context [212] and the percentage goes up sharply in urban en-
vironments. It is thus fundamental to design models that take advantage of these explicit
cues, ensuring that scene text is properly accounted for and is not a marginal research
problem, but quite central for holistic scene interpretation models.

The research community on reading systems has made significant progress over the past
decade [55, 93], endowing computer vision systems with basic scene text reading capa-
bilities. However, these advancements have not been effectively applied to solve higher-
level problems. At the same time, Visual Question Answering (VQA) datasets and models
present serious limitations as a result of ignoring scene text content, with disappointing
results on questions that require scene text understanding. Therefore, it is timely to bring
together these two research lines in the VQA domain to move towards more human like
reasoning. However, integrating the textual modality in existing VQA pipelines is not triv-
ial. On one hand, spotting relevant textual information in the scene requires performing
complex reasoning about positions, colors, objects and semantics, to localize, recognize
and eventually interpret the recognized text in the context of the visual content, or any
other contextual information available. On the other hand, current VQA models display
important dataset biases [86] as well as failures in counting [1, 25], comparing and iden-
tifying attributes. These limitations make current models unsuitable to directly integrate
scene text information, which is often orthogonal and uncorrelated to the visual statistics
of the image.

To this end, we address these limitations by proposing a new task, where the questions and
answers are attained in a way that questions can only be answered based on the text present
in the image. Accordingly, we create a new dataset called Scene Text Visual Question
Answering (ST-VQA) which we gather by consciously drawing the majority (85.5%) of
the images from datasets that already have generic question/answer pairs. Hence, making
possible to combine them with ST-VQA to establish a more generic, holistic VQA task.
Some sample images and questions from the collected dataset are shown in Figure 3.1. In
addition, we introduce three tasks of increasing difficulty that simulate different degrees of
availability of contextual information, and define a new evaluation metric to better discern
the models’ answering ability employing the Levenshtein distance [114] to account both
for reasoning errors as well as shortcomings of the text recognition subsystem [55].

Finally, we propose a novel method based on a single attention mechanism over a grid of
multimodal spatial features, where the output weights of the attention module are inter-
preted as the probability that a certain spatial location of the image contains the answer
text to the given question.
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Q: What is the price of the bananas per kg?
A: $11.98

Q: What does the red sign say?
A: Stop

Q: Where is this train going?
A: To New York
A: New York

Q: What is the exit number on the street sign?
A: 2
A: Exit 2

Q: What is the cost for delivery of Espressa
Pizza?
A: Free Delivery

Q: What is this dish?
A: Chicken Dijon

Figure 3.1: Recognizing and interpreting textual content is essential for scene understand-
ing. In the Scene Text Visual Question Answering (ST-VQA) dataset leveraging textual
information in the image is the only way to solve the QA task.
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3.2 ST-VQA Dataset

3.2.1 Dataset creation

In this section we describe the process for collecting images, questions and answers for
the ST-VQA dataset, and offer an in-depth analysis of the collected data. Subsequently,
we detail the proposed tasks and introduce the evaluation metric.

Images: The ST-VQA dataset comprises 23,038 images sourced from a combination of
public datasets that include both scene text understanding datasets as well as generic com-
puter vision ones. In total, we used six different datasets, namely: ICDAR 2013 [94] and
ICDAR2015 [93], ImageNet [40], VizWiz [60], IIIT Scene Text Retrieval [149], Visual
Genome [104] and COCO-Text [212]. A key benefit of combining images from various
datasets is the reduction of dataset bias such as selection, capture and negative set bias
which have been shown to exist in popular image datasets [98]. Consequently, the com-
bination of datasets results in a greater variability of questions. To automatically select
images to define questions and answers, we use the end-to-end single shot text retrieval
architecture YOLO-PHOC [53]. We automatically select all images that contain at least
2 text instances, thus ensuring that the proposed questions contain at least 2 possible op-
tions as an answer. The final number of images and questions per dataset can be found in
Table 3.1.

Original Dataset Images Questions

Coco-text 7,520 10,854
Visual Genome 8,490 11,195
VizWiz 835 1,303
ICDAR 1,088 1,423
ImageNet 3,680 5,165
IIIT-STR 1,425 1,890

Total 23,038 31,791

Table 3.1: Number of images and questions gathered per dataset.

Question and Answers: The ST-VQA dataset comprises 31,791 questions. To gather
the questions and answers of our dataset, we used the crowd-sourcing platform Amazon
Mechanical Turk (AMT). During the collection of questions and answers, we encouraged
workers to come up with closed-ended questions that can be unambiguously answered
with text found in the image, prohibiting them to ask yes/no questions or questions that
can be answered only based on the visual information.

The process of collecting question and answer pairs consisted of two steps. First, the
workers were given an image along with instructions asking them to come up with a
question that can be answered using the text found in the image. The workers were asked
to write up to three question and answer pairs. Then, as a verification step, we perform a
second AMT task that consisted of providing different workers with the image and asking
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them to respond to the previously defined question. To avoid ambiguous questions, we
checked and corrected if necessary all the questions for which we did not obtain the same
answer in both steps. In some cases both answers were deemed correct and accepted to
capture the language variability. Therefore, ST-VQA questions have up to two different
valid answers.

In total, the ST-VQA dataset comprises 31,791 questions/answers pairs posed over 23,038
images, with separated splits of 19,027 images and 26,308 questions for training, and
2,993 images and 4,163 questions for testing. We present examples of question and an-
swers of our dataset in Figure 3.1.

3.2.2 Analysis and Comparison with TextVQA

TextVQA [191] is a concurrent work to the one presented here. Similarly to ST-VQA,
TextVQA proposes an alternative dataset for VQA which requires reading and reason-
ing about scene text. Additionally, it also introduces LoRRA, a novel architecture that
combines a standard VQA model Pythia [190] and an independently trained OCR mod-
ule [21] with a “copy” mechanism, inspired by pointer networks [59, 213], which allows
using OCR recognized words as predicted answers if needed. Both TextVQA and ST-
VQA datasets are conceptually similar, although there are important differences in the
implementation and design choices. In the case of ST-VQA, the images have been col-
lected from different sources, including scene text understanding datasets, while in the
case of TextVQA all images come from a single source, the Open Images [103] dataset.
In addition, to select the images to annotate for the ST-VQA, we explicitly required a
minimum amount of two text instances to be present, while in TextVQA the images were
sampled on a category basis, emphasizing categories like “billboard”, “traffic sign”, or
“whiteboard”, that are expected to contain text. In terms of questions, ST-VQA focuses
on questions that can be answered unambiguously directly using part of the image text as
the answer, while in TextVQA any question requiring reading the image text is allowed.

In Figure 3.2 we provide the length distribution for the gathered questions and answers of
the ST-VQA dataset, in comparison to the recently presented TextVQA. It can be observed
that the length statistics of the two datasets are closely related. To further explore the
statistics of our dataset, Figure 3.3 visualizes how the ST-VQA questions are formed. As
it can be appreciated, our questions start with “What, Where, Which, How and Who”. A
considerable percentage starts with “What” questions, as expected given the nature of the
task. A critical point to realize however, is that the questions are not explicitly asking for
specific text that appears in the scene; rather they are formulated in a way that requires
to have certain prior world knowledge/experience. For example, some of the “what”
questions inquire about a brand, website, name, bus number, etc., which require some
explicit knowledge about what a brand or website is.

There has been a lot of effort to deal with the language prior inside the datasets [57, 86,
238]. One of the reasons for having language priors in datasets is the uneven distribution
of answers in the dataset. In VQA v1 [6], since the dataset is formed from the images of
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Figure 3.4: Distribution of answers for different types of questions in the ST-VQA train
set. Each color represents a different unique answer.

MSCOCO [124], the answers to the question of “what sport ...” are tennis and baseball
over 50%. Another example is the question “is there ...”, having yes as an answer in over
70% of the cases. As can be seen in Figure 3.4, our dataset follows a uniform distribution
for the answers except for “sign” and “year”, reducing the risk of language priors while
having a big vocabulary for the answers.

To put ST-VQA in perspective, VQA 2.0 [57], the biggest dataset in the community,
contains 1.1 million questions out of which only 8k, corresponding to less than 1% of the
total questions, requires reading the text in the image. The TextVQA [191] dataset, which
comprises 28,408 images paired with 45,336 questions, reported that 39% (18k) of the
answers do not contain any of the OCR tokens1. This might be either due to the type of
the questions defined, or due to shortcomings of the employed text recognition engine.
In contrast, as a result of the collection procedure followed in ST-VQA, all questions
(31,791) can be answered unambiguously directly using the text in the image.

Moreover, the fact that ST-VQA answers are explicitly grounded to the scene text allows
us to collect a single answer per question. More specifically, to consider an answer as
correct we introduce a soft metric that requires the predicted answer to have a small edit
distance to the correct answer (see section 3.2.4), factoring this way in the evaluation pro-
cedure the performance of the text recognition sub-system. In the case of TextVQA, 10
answers are collected per question and any answer supported by at least three subjects is
considered correct. In order to better understand the effects of our approach compared to
collecting multiple responses like in TextVQA, we performed an experiment collecting
10 answers for a random subset of 1,000 ST-VQA questions. Our analysis showed that
in 84.1% of the cases there is agreement between the majority of subjects and the orig-
inal answer. The same metric for TextVQA is 80.3%, confirming that defining a single
unambiguous answer results in similarly low ambiguity at evaluation time.

Despite the differences, the two datasets are highly complementary as the image sources
used do not intersect with each other, creating an opportunity for transfer learning between
the two datasets and maybe combining data for training models with greater generaliza-
tion capabilities.

1Presentation of the TextVQA Challenge, CVPR 2019
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3.2.3 Tasks

We define 3 novel tasks, suitable for the ST-VQA dataset, namely “strongly contextual-
ized”, “weakly contextualized” and “open vocabulary”. The proposed differentiation of
tasks can be interpreted by how humans make use of prior knowledge to argue about their
current situation. Such prior knowledge in ST-VQA is provided as a dictionary, different
for each task. Our formulation of the tasks is inspired by the previous notions available,
and the difficulty per task increases gradually. In the strongly contextualized task, we
capture this prior knowledge by creating a dictionary per image for the specific scenario
depicted. In the weakly contextualized task, we provide a single dictionary comprising
all the words in the answers of the dataset. Finally, for the open dictionary task, we treat
the problem as tabula rasa where no a priori and no external information is available to
the model. We show some examples of the tasks in Figure 3.5

For the strongly contextualized task (1), following the standard practice used for end-
to-end word spotting [93, 94, 217], we create a dictionary per image that contains the
words that appear in the answers defined for questions on that image, along with a series
of distractors. The distractors are generated in two ways. On one hand, they comprise
instances of scene text as returned by a text recognizer applied on the image. On the other
hand, they comprise words obtained by the dynamic lexicon generation model TextTopic-
Net [54, 158]. Hence, the dictionary for the strongly contextualized task is is comprised
by the ground truth plus a small set of distractors, which in total adds up to 100 words.
In the weakly contextualized task (2), we provide a unique dictionary of 30,000 words
for all the datasets’ images, which is formed by collecting all the 22k ground truth words
plus 8k distractors generated in the same way as in the previous task. Finally, for the open
dictionary task (3) we provide no extra information, thus it is an open-lexicon task.

By proposing the aforementioned tasks, the VQA problem is conceived in a novel man-
ner that has certain advantages. First, it paves the way for research on automatically
processing and generating such prior information, and its effect on the model design and
performance. Second, it provides an interesting training ground for end-to-end reading
systems, where the provided dictionaries can be used to prime text spotting methods.
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Question What does the sign say in
the center of the image?

What brand is the bread? How many calories are
from fat?

Answer
Emergency Stop Plunger An Luc Pele 5

Task 1 Dictionary
(40 words out of 100) HOUSE, NATIONAL, NUM-

BER, EMERGENCY, SIN-
GLE, STOP, FORCE, STILL,
BASED, EVEN, MEMBER,
UNITED, GROUP, WEST,
BEGAN, DUE, 1, POWER,
END, JUNE, FOUND, SLOP,
JULY, DAY, POPULATION,
KING, JOHN, ISLAND, RE-
GION, SECOND, LARGE,
AMERICAN, TEAM, SMALL,
SOUTH, PLUNGER, . . .

LUC, PLAYER, STILL, 0,
HOME, JULY, AIR, OFTEN,
WILL, USE, BASED, SER-
VICE, MUSEUM, SINCE,
AN, FRANCE, MEMBER,
PELE, POWER, CENTER,
PARK, FRENCH, WATER,
SUCK, DAY, POPULA-
TION, SCHOOL, SEVERAL,
LIKE, ISLAND, REGION,
WORK, LARGE, PLACE,
AMERICAN, TABLE, . . .

SEPTEMBER, YORK, SE-
RIES, NUMBER, GENERAL,
HIGH, FACTS, STILL, EVEN,
WILL, MEMBER, DEATH,
BASED, 2, AREA, MUCH,
BEGAN, FRANCE, 0, 3,
WON, 5, INTERNATIONAL,
JOHN, NORTH, FRENCH,
GAME, END, 484, 5, FOUR,
SCHOOL, 787, LAST, LIKE,
UNIVERSITY, AIS, LARGE,
533, LEFT, . . .

Task 2 Dictionary
(100 words out of 30k)

SERVICE, 5, FACTS, 0, JOHN, REGION, BASED, INTERNATIONAL, WON, FOUR, LARGE,
SEVERAL, GENERAL, 533, TEAM, DAY, NORTH, FORCE, POWER, WILL, 0, AMERICAN,
NUMBER, SUCK, LIKE, SEPTEMBER, YORK, LAST, WATER, BEGAN, EVEN, UNIVERSITY,
DAY, BASED, STILL, LIKE, PLAYER, LARGE, JUNE, PARK, POWER, HOME, FRENCH, BE-
GAN, RIVER, STOP, MUCH, EMERGENCY, GROUP, STILL, WILL, HOUSE, PLACE, WEST,
SINCE, SINGLE, SMALL, ISLAND, OFTEN, FRANCE, JULY, UNITED, SOUTH, LUC, POPU-
LATION, SECOND, REGION, AREA, FOUND, AMERICAN, FOLLOWING, BASED, ISLAND,
STILL, CENTER, 3, HIGH, PELE, FRANCE, DEATH, JOHN, EVEN, AIS, LEFT, MEMBER,
USE, SLOP, GAME, SERIES, 484, PLUNGER, NUMBER, MUSEUM, SCHOOL, KING, MEM-
BER, FRENCH, MEMBER, NATIONAL, LARGE, AN, JULY, 1, POPULATION, 787, DUE,
WORK, END, SCHOOL, END, AIR, . . .

Task 3 Dictionary N/A N/A N/A

Image Source ICDAR Visual Genome Vizwiz

Reasoning
Requirements

Position, Object Object Relation, A priori Text Structure

Figure 3.5: Examples of the three tasks with their corresponding provided dictionaries.
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3.2.4 Evaluation metric

Since the answers of our dataset are contained within the text found in the image, which
is dependent on the accuracy of the OCR being employed, the classical evaluation metric
of VQA tasks is not optimum for our dataset, e.g. if the model reasons properly about the
answer but makes a mistake of a few characters in the recognition stage, like in Figure 3.8
(first row, third column), the typical accuracy score would be 0. However, the metric
we propose named Average Normalized Levenshtein Similarity (ANLS) would give an
intermediate score between 0.5 and 1 that will softly penalize the OCR mistakes. Thus, a
motivation of defining a metric that captures OCR accuracy as well as model reasoning is
evident. To this end, in all 3 tasks we use the Normalized Levenshtein Similarity [114] as
an evaluation metric. More formally, we define ANLS as follows:

ANLS= 1

N

N∑
i=0

(
max

j
s(ai j ,oqi )

)
(3.1)

s(ai j ,oqi ) =
{

(1−N L(ai j ,oqi )) if N L(ai j ,oqi ) < τ
0 if N L(ai j ,oqi ) Ê τ

where N is the total number of questions in the dataset, M is the total number of GT an-
swers per question, ai j are the ground truth answers where i = {0, ..., N }, and j = {0, ..., M },
and oqi is the network’s answer for the i th question qi . N L(ai j ,oqi ) is the normalized
Levenshtein distance between the strings ai j and oqi (notice that the normalized Leven-
shtein distance is a value between 0 and 1). We define a threshold τ = 0.5 that penalizes
metrics larger than this value, thus the final score will be 0 if the N L is larger than τ. The
intuition behind the threshold is that if an output has an edit distance greater than 0.5 to an
answer, meaning getting half of the answer wrong, we reason that the output is the wrong
text selected from the options as an answer. Otherwise, the metric has a smooth response
that can gracefully capture errors in text recognition. We provide a visual example in
Figure 3.6.

Question What is the number of Boat?
GT 25688

Output Acc. ANLS
Method A 25686 100 1.0
Method B 5686 0 0.8
Method C 6 0 0.0

Figure 3.6: Comparison between Accuracy and ANLS evaluation metrics on the results
obtained from three different methods applied to a sample question. If the answer is correct
(Method A), the method will receive the highest score for both Accuracy and ANLS. How-
ever, if a single character is incorrect due to a text recognition error (Method B), Accuracy
will be zero despite the method’s reasoning being correct. In contrast, ANLS only imposes
a slight penalty for recognition errors. However, if the provided answer is very different
(Method C), the score will be zero for both accuracy and ANLS, as the Levenshtein simi-
larity will fall below the 0.5 threshold.
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3.3 Baselines

The following section describes the baselines employed in this work, as well as an analysis
of the results obtained in the experiments conducted. The proposed baselines help us
to showcase the difficulty of the proposed dataset and its tasks. Aside from baselines
designed to exploit all the information available (visual information, scene text, and the
question), we have purposely included baselines that ignore one or more of the available
pieces of information in order to establish lower bounds of performance. The following
baselines are employed to evaluate the datasets:

Random: As a way of assessing aimless chance, we return a random word from the
contextual dictionary provided for each task. For the open dictionary task, we employ the
widely used English vocabulary of 90k words proposed by [81].

Scene Text Retrieval: This baseline leverages a single shot CNN architecture YOLO-
PHOC [53] that predicts at the same time bounding boxes and a compact text represen-
tation (PHOC [3]) of the words in them. It ignores the question and any other visual
information of the image. We have defined two approaches: the first (“STR retrieval”)
uses the specific task dictionaries as queries to a given image, and the top-1 retrieved
word is returned as the answer; the second one (“STR bbox”), follows the intuition that
humans tend to formulate questions about the largest text instance in the image. We take
the text representation from the biggest bounding box found and then find the nearest
neighbor word in the corresponding dictionaries.

Scene Image OCR: The state-of-the-art text recognition model TextSpotter with Explicit
Alignment and Attention [67] is used to process the test set images. The detected text
is ranked according to the confidence score, and the closest match between the most
confident text detection and the provided vocabularies for task 1 and task 2 is used as the
answer. In task 3 the most confident text detection is adopted as the answer directly.

Standard VQA models: We evaluate two standard VQA models. The first one, named
“Show, Ask, Attend and Answer” [96] (SAAA), consists of a CNN-LSTM architecture.
On one hand, a ResNet-152 [65] is used to extract image features with dimension 14×14×
2048, while the question is tokenized and embedded by using a multi-layer LSTM. On
top of the combination of image features and the question embedding, multiple attention
maps (glimpses) are obtained. The result of the attention glimpses over the image features
and the last state of the LSTM is concatenated and fed into two fully connected layers to
obtain the distribution of answer probabilities according to the classes.

The second model, named “Stacked Attention Networks” [233] (SAN), uses a pre-trained
VGG [186] to obtain image features with shape 14× 14× 512. Two question encoding
methods are proposed, one that uses an LSTM and another that uses a CNN, both of them
yielding similar results according to the evaluated dataset. The encoded question either
by a CNN or LSTM is used along with the image features to compute two attention maps,
which later are used with the image features to output a classification vector.

Overall, three different experiments are proposed according to the output classification
vector. The first, is formed by selecting the most common 1k answer strings in the ST-
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VQA training set as in [6]. For the second one, we selected the 5k most common answers
so that we can see the effect of a gradual increase of the output vector in the two VQA
models. In the third one, all the answers found in the training set are used (19,296) to
replicate the wide range vocabulary of scene-text images and to capture all the answers
found in the training set.

Fusing Modalities - Standard VQA Models + Scene Text Retrieval: Using the previ-
ously described VQA models, the purpose of this is to combine textual features obtained
from a scene text retrieval model with existing VQA pipelines. To achieve this, we use
the YOLO-PHOC [53] used in STR baselines, which produces a set of text predictions
based on pre-defined anchor boxes for each cell of the grid-patched image. Thus, we
employ the output tensor before the non-maximal suppression step (NMS) and take the
features of the most confident PHOC predictions above a threshold for each grid cell. The
selected features form a tensor of size 14×14×609, which is concatenated with the im-
age features before the attention maps are calculated on both previously described VQA
baselines. Afterwards, the attended features are used to output a probability distribution
over the classification vector.

3.3.1 Baselines results

The results of all provided baselines according to the defined tasks are summarized in Ta-
ble 3.2. As a way to compare the proposed Average Normalized Levenshtein Similarity
(ANLS) metric, we also calculate the accuracy for each baseline. The accuracy is calcu-
lated by counting the exact matches between the model predictions and collected answers,
as is the standard practice in the VQA literature.

The last column in Table 3.2, upper bound, shows the maximum possible score that can
be achieved depending on the method evaluated. The upper bound accuracy for standard
VQA models is the percentage of questions where the correct answer is part of the models’
output vocabulary, while the upper bound ANLS is calculated by taking as answer the
closest word (output class) in terms of Levenshtein distance to the correct answer. In the
case of the Scene Text Retrieval (STR retrieval) [53] model, the upper bound is calculated
by assuming that the correct answer is a single word and that this word is retrieved by the
model as the top-1 among all the words in the provided vocabularies.

It can be seen that standard VQA models that disregard textual information from the
image achieve similar scores, ranging between 0.085 to 0.102 ANLS, or 6.36% to 7.78%
accuracy. One relevant point is that although in VQA v1 [6] the SAAA [96] model is
known to outperform SAN [233], in our dataset the effect found is the opposite, due to
the fact that our dataset and task outline is different in its nature compared to VQA v1.
Another important point is that the SAAA model increases both its accuracy and ANLS
score when using a larger classification vector size, from 1k to 5k classes. However,
going from 5k to 19k classes the results are worse, suggesting that learning such a big
vocabulary in a classification manner is not feasible.
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Task 1 Task 2 Task 3 Upper bound
Method OCR Q V ANLS Acc. ANLS Acc. ANLS Acc. ANLS Acc.

Random ✗ ✗ ✗ 0.015 0.96 0.001 0.00 0.00 0.00 - -
STR [53] (retrieval) ✓ ✗ ✗ 0.171 13.78 0.073 5.55 - - 0.782 68.84
STR [53] (bbox) ✓ ✗ ✗ 0.130 7.32 0.118 6.89 0.128 7.21 - -
Scene Image OCR [67] ✓ ✗ ✗ 0.145 8.89 0.132 8.69 0.140 8.60 - -
SAAA [96] (1k cls) ✗ ✓ ✓ 0.085 6.36 0.085 6.36 0.085 6.36 0.571 31.96
SAAA+STR (1k cls) ✓ ✓ ✓ 0.091 6.66 0.091 6.66 0.091 6.66 0.571 31.96
SAAA [96] (5k cls) ✗ ✓ ✓ 0.087 6.66 0.087 6.66 0.087 6.66 0.740 41.03
SAAA+STR (5k cls) ✓ ✓ ✓ 0.096 7.41 0.096 7.41 0.096 7.41 0.740 41.03
SAAA [96] (19k cls) ✗ ✓ ✓ 0.084 6.13 0.084 6.13 0.084 6.13 0.862 52.31
SAAA+STR (19k cls) ✓ ✓ ✓ 0.087 6.36 0.087 6.36 0.087 6.36 0.862 52.31
SAN(LSTM) [233] (5k cls) ✗ ✓ ✓ 0.102 7.78 0.102 7.78 0.102 7.78 0.740 41.03
SAN(LSTM)+STR (5k cls) ✓ ✓ ✓ 0.136 10.34 0.136 10.34 0.136 10.34 0.740 41.03
SAN(CNN)+STR (5k cls) ✓ ✓ ✓ 0.135 10.46 0.135 10.46 0.135 10.46 0.740 41.03
H1 Human performance† ✓ ✓ ✗ - - - - 0.521 37.54 1.000 100.0
H2 Human performance† ✗ ✓ ✓ - - - - 0.214 18.81 1.000 100.0
H3 Human performance† ✓ ✓ ✓ - - - - 0.851 78.16 1.000 100.0

Table 3.2: Baseline results comparison on the three tasks of ST-VQA dataset. We provide
Average Normalized Levenshtein similarity (ANLS) and Accuracy for different methods
that leverage OCR, Question (Q) and Visual (V) information. †: Human performance study
was performed over a subset of 1,000 questions of the test set.

It is worth noting that the proposed ANLS metric generally tracks accuracy, which in-
dicates broad compatibility between the metrics. But, in addition, ANLS can deal with
border cases (i.e. correct intended responses, but slightly wrong recognized text) where
accuracy, being a hard metric based on exact matches, cannot. Such border cases are fre-
quent due to errors at the text recognition stage. Examples of such behavior can be seen
in the qualitative results shown in Figure 3.8 for some of the answers (indicated in orange
color). This also explains why the “Scene Image OCR” model is better ranked in terms
of ANLS than of accuracy in Table 3.2.

Standard VQA models that disregard any textual information, perform worse or compa-
rable at best to the “STR (retrieval)” or “Scene Image OCR” models, despite the fact that
these heuristic methods do not take into account the question. This observation confirms
the necessity of leveraging textual information as a way to improve performance in VQA
models. We demonstrate this effect by slightly improving the results of VQA models
(SAAA and SAN) by using a combination of visual features and PHOC-based textual
features (SAAA+STR and SAN+STR).

For further analysis of the baseline models’ outputs and comparison between them, we
provide in Figure 3.7 two bar charts with specific results on different question types. In
most of them, the STR model is better than the “Scene Image OCR” (ST-OCR) in terms
of ANLS. The effect of PHOC embedding is especially visible on the SAN model for cor-
rectly answering the question type such as “what year”, “what company” and “which”.
Also, none of the models is capable of answering the questions regarding license plates,
“who” and “what number”. This is an inherent limitation of models treating VQA as a
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Figure 3.7: Results of baseline methods in the open vocabulary task of ST-VQA by ques-
tion type.

pure classification problem, as they can not deal with out of vocabulary answers. In this
regard, the importance of using PHOC features lies in their ability to capture the mor-
phology of words rather than their semantics as in other text embeddings [20, 147, 159];
since several text instances and answers in the dataset may not have any representation
in a pre-trained semantic model. The use of a morphological embedding like PHOC can
provide a starting point for datasets that contain text and answers in several languages and
out of dictionary words such as license plates, prices, directions, names, etc.

In the human performance study reported in last rows of Table 3.2, we appreciate that
when both image, scene text and question are provided to the human evaluator (H3), the
performance is consistent with the human study reported in TextVQA [191] in terms of
accuracy. Their study shows a human accuracy of 85.0 in TextVQA, but having collected
10 answers per question their accuracy metric is a bit more flexible in accepting diverse
correct answers. Moreover, when we blur all text instances in H1, the performance drops
immensely, while when we show only the question and the list of OCR words in H2, the
performance drop is less significant than in H1. This, demonstrates that the textual cue
is much more important than the visual cue in ST-VQA. Another point to stress is that
humans are especially good at answering questions without even seeing the image. This
is because of the fact that humans use a-priori knowledge such as what a number or a
license plate are. As an example, an image for which the question is “What is the price of
...” can be correctly answered by selecting a unique numerical OCR token since the price
has to be a number.
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Q: What brand are the ma-
chines?
A: bongard
SAN(CNN)+STR: ray
SAAA+STR: ray
Scene Image OCR: zbon-
gard
STR (bbox): 1

Q: Where is the high court
located?
A: delhi
SAN(CNN)+STR: delhi
SAAA+STR: delhi
Scene Image OCR: high
STR (bbox): delhi

Q: What does the black la-
bel say?
A: GemOro
SAN(CNN)+STR: st.
george ct.
SAAA+STR: esplanade
Scene Image OCR:
gemors
STR (bbox): genoa

Q: What’s the street
name?
A: place d’armes
SAN(CNN)+STR: 10th st
SAAA+STR: ramistrasse
Scene Image OCR:
d’armes
STR (bbox): dames

Q: What is the route of the
bus?
A: purple route
SAN(CNN)+STR: 66
SAAA+STR: 508
Scene Image OCR: 1208
STR (bbox): purple

Q: What is the automobile
sponsor of the event?
A: kia
SAN(CNN)+STR: kia
SAAA+STR: kia
Scene Image OCR: kin
STR (bbox): 0

Q: Which dessert is show-
cased
A: donut
A:Vegan Donut
SAN(CNN)+STR: t
SAAA+STR: Donuts
Scene Image OCR: 175
STR (bbox): north

Q: What is preheat oven
temperature?
A: 350
SAN(CNN)+STR: 350
SAAA+STR: 0
Scene Image OCR: high
STR (bbox): receivables

Figure 3.8: Qualitative results for different methods on task 1 (strongly contextualised)
of the ST-VQA dataset. For each image we show the question (Q), ground-truth answer
(blue), and the answers provided by different methods (green: correct answer, red: incorrect
answer, orange: incorrect answer in terms of accuracy but partially correct in terms of
ANLS (0.5 ≤ AN LS < 1)).

3.4 MMGrid Method

Even though adding textual information to generic VQA models leads to improvements,
we also show that ad-hoc baselines can outperform them, reinforcing the need of dif-
ferent approaches. Furthermore, existing VQA models usually address the problem as a
classification task, but in the case of scene text based answers, the number of possible
classes is intractable. Therefore, we propose a new model illustrated in Figure 3.9, which
consists of four different modules: an image encoder (CNN), a scene text encoder (OCR
+ FastText), a question encoder (LSTM + FastText), and the answer prediction module.
Overall, MMGrid builds a grid of multimodal features by concatenating convolutional
features and a spatial aware arrangement of word embeddings, so that the resulting grid
combines the features of the two modalities at each spatial location (cell). Then it uses an
attention module that attends to the multimodal spatial features conditioned to the ques-
tion. The output weights of this attention module are interpreted as the probability that a
certain spatial location (grid cell) of the image contains the answer to the given question.
Accordingly, the OCR from the cell with highest probability is chosen as the final answer.
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OCR
FastText

Grid Embedding

Image encoder (CNN)

608 X 608

38 X 38 X 512

38 X 38 X 300

Multimodal
Spatial Attention

A:"melbourne"

Q: Where    is     the   match   being  played?

FastText FastText FastText FastText FastText FastText

38 X 38 X 812

38 X 38

Cell pointers

LSTM Cell LSTM Cell LSTM Cell LSTM Cell LSTM Cell LSTM Cell

Scene text encoder

Question encoder

Answer prediction

A:"KIA"

A:"IA"

Figure 3.9: Our scene text VQA model consists in four different modules: a visual fea-
ture extractor (CNN), a scene text feature extractor (OCR + FastText), a question encoder
(LSTM + FastText), and the answer prediction model.

Image encoder: The image encoder is a grid-based visual feature extraction fC N N (I )
based on the architecture of the YOLOv3 [169] model with weights pre-trained on the
MS-COCO dataset. The YOLOv3 model has a total of 65 successive 3× 3 and 1× 1
convolutional layers and residual connections. We extract features from the 61st layer,
which produces a feature map with dimensions 38×38×512 that encode high-level object
semantics. This configures the features’ grid size in our model to be 38×38. The size of
the grid is chosen so that we can quantize the textual information without loosing small
words (see next section). A 38× 38 grid size means each cell corresponds to a 16× 16
patch of the input image (with an 608× 608 resolution), which means that the smallest
possible bounding box of a text instance we expect to find is 16×16.

Scene text encoder: The first step in our textual feature extractor fST (I ) is to use an opti-
cal character recognition (OCR) model to the input image in order to obtain a set of word
bounding boxes and their transcriptions T = {(b1, t1), (b2, t2), . . . , (bn , tn)}. For this, we
make use of the Google OCR API [56] for all the experiments. Then, we embed the words
extracted from the OCR module into a semantic space by using a pretrained word embed-
ding model. In our case we make use of the FastText word embedding by [20], because
it allows us to embed out of vocabulary (OOV) words. Notice that OOV words are quite
common in scene text VQA because of two reasons: first, some question may refer to
named entities or structured textual information that is not present in closed vocabularies,
e.g. telephone numbers, e-mail addresses, website URLs, etc.; second, the transcription
outputs of the OCR may be partially wrong, either because the scene text is almost illeg-
ible, partially occluded or out of the frame. We use the FastText pretrained model with 1
million 300d word vectors, trained with subword information on Wikipedia 2017, UMBC
webbase corpus and statmt.org news dataset, and not updated during training.
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With all word transcriptions in T embedded in the FastText 300d space we construct a
38×38×300 tensor by assigning each of their bounding boxes to the cells in a 38×38
grid with which they overlap as illustrated in Figure 3.10, so that the embedding vectors
maintain the same relative spatial positions as the words in the original image. In order to
overcome small words being overlapped by larger words, we do this assignment in order,
from larger to smaller words. The cells without any textual information are set to zero
value. Finally, we concatenate the outputs of the image encoder and the scene text encoder
to obtain the multimodal grid based features of the image fm(I ) = [ fC N N (I ); fST (I )] ∈
R38×38×812.

(a) (b) (c)

Figure 3.10: Grid cell assignment of the OCR words’ bounding boxes. Given an input
image (a), the bounding boxes of the words extracted from the OCR model (b) are assigned
to their overlapping cells.

Question encoder: The question encoder is based on a LSTM [52] encoder. Given a
question Q with N words Q = {q1, q2, . . . , qN } we first embed each word with the FastText
word embedding, and then feed each word embedding vector into the LSTM. The final
hidden layer of the LSTM model is a vector with 1024 dimension and is taken as the
output of the question encoder.

Answer prediction module: The main component of the answer prediction is an at-
tention mechanism that attends to the spatial multimodal features fm(I ) conditioned on
the question embedding fq (Q). First, the multimodal grid features fm(I ) are convolved
by two 1×1 convolutional layers with 1024 and 512 kernels respectively, resulting in a
38×38×512 tensor. The question encoded vector fq (Q) goes through a dense layer with
512 output neurons and is tiled/broadcasted to a shape of 38×38×512. These two tensors
(mat t and qat t ) are added and activated with an hyperbolic tangent (tanh) activation. Fi-
nally, the resulting tensor of this operation is convolved with a 1×1 convolutional layer
with a sigmoid activation function to produce the output attention map pat t with shape
38×38×1:

pat t = f At t ([ fC N N (I ); fST (I )], fq (Q)) (3.2)
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At this point, we interpret the values in the output attention map pat t as the probability of
each image cell to contain the correct answer to the given question Q. Notice that by ap-
plying a sigmoid activation function to the last convolution layer, we treat the probability
for each cell as an individual binary classification problem. This is intentional, as in most
of the cases, the bounding box of the correct answer will cover more than one cell. We
train our model using the binary cross entropy loss function:

E =−
38∑

i=1

38∑
j=1

[
gi , j log pi , j + (1− gi , j ) log(1−pi , j )

]
(3.3)

where pi , j is the probability value of the cell on the i th row and j th column on the output
attention map pat t , and gi , j is the ground truth value for that cell: 1 if the cell contains the
answer, 0 otherwise. At inference time, the predicted answer is the OCR token assigned
to the cell with maximum probability.

We adopt the stacked design of SAN [233] and empirically found an improvement over
using a single attention layer. For this we stack two attention layers, in the first one we
combine the weighted average over the multimodal spatial features (using the output prob-
ability map as weights) with the question embedding (by addition), and this combination
is fed to the second attention layer as the question embedding.

Moreover, since our model is made fully convolutional (including the image encoder) on
all the visual branch, we can perform inference at different input scales using the same
learned weights.

3.5 MMGrid results

We appreciate in Table 3.3 that MMGrid clearly outperforms all previously published
methods both in ANLS and accuracy, improving more than 10% ANLS compared to the
ST-VQA competition winner VTA (BUTD [5] based method with scene text features),
and 5% ANLS over LoRRA. It is important also to recall here that our model is 5× faster
than LoRRA at processing an image, as a consequence of using YOLOv3 instead of
Faster-RCNN for feature extraction. Notice that Faster R-CNN requires the region-wise
inference (second stage) to be computed for the top-300 proposals provided by the Region
Proposal Network (first stage), while in YOLO a single forward pass is computed for the
whole image.

Table 3.3 also shows the performance comparison on the validation set of TextVQA. In
this case we also compare the accuracy in the specific subset of questions for which the
answer is among the OCR tokens (indicated as Acc† in the table), to understand how
the presence of answers that do not correspond to scene text instances in the image (e.g.
“yes”/“no” answers) affect the performance of our model. In this subset, our model out-
performs previous state of the art by a clear margin, while in the whole validation set we
observe the opposite. Notice that this is expected because our model has no mechanism
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Method
ST-VQA TextVQA

ANLS Acc Acc† Acc

SAAA [96] 0.087 6.66 9.09 13.33

SAN [233] 0.102 7.78 – –
SAN+STR 0.136 10.34 – –
QAQ [17] 0.256 19.19 – –
VTA [17] 0.282 18.22 – –
LoRRA [191] 0.331 21.28 32.03 27.48
MMGrid 0.381 26.06 37.60 21.88

MMGrid + SAAA – – 37.60 26.07

Table 3.3: MMGrid performance on ST-VQA test set and TextVQA validation set. Num-
bers with † are from the official implementation of LoRRA trained on ST-VQA using the
same OCR tokens as in our model. Acc† refers to the subset of questions with answers
among OCR tokens.

for providing valid answers to questions for which their answers are not among the OCR
tokens, while LoRRA model can cope with these questions by using a fixed vocabulary
answer output space similar to standard VQA models. In order to provide a fair com-
parison in the whole validation set of TextVQA we have combined the predictions of our
model with the well known standard VQA model SAAA [96]. In this experiment we
have trained the SAAA model on TextVQA with a fixed output space of the most com-
mon 3,000 answers, and the results of entry MMGrid+SAAA correspond to an ensemble
model in which the answer is selected with a threshold-based decision. More specifically,
the ensemble selects the SAAA answer if its classification confidence is above a given
threshold, otherwise it selects the answer of our model. We use a threshold decision over
the classification score of the SAAA model and not over ours because we have experi-
mentally found that the confidences of SAAA are better indicators for whether a given
question can be answered or not without reading the scene text. The threshold value used
was set to 0.5 as in a binary classification problem. We appreciate that this ensemble
model achieves competitive performance to the state of the art. While SAAA alone has a
marginal performance in TextVQA, the confidences of its predictions are good indicators
for whether a given question can be answered without reading the scene text. In such a
scenario, a model like ours can be leveraged in a mixed dataset where questions may or
may not require answers from the OCR tokens’ set.
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Q: How much is
the rate of one
seasonal apple
fruit?
A: 50p

Q: What is the
word on the white
sign?
A: sinclair

Q: What is the
brand advertised
on the back of
the bus?
A: tropicana

Q: What is the
sugar brand?
A: domino

Q: What is the
destination of the
bus?
A: stockport

Figure 3.11: Questions correctly answered by MMGrid with the produced attention masks.

Figure 3.11 shows qualitative examples of the produced attention masks and predicted
answers for 5 image/question pairs from the ST-VQA test set that are correctly answered
by our model. Among them, we can see examples in which textual information alone
would suffice to provide a correct answer, but also cases where a joint interpretation of
visual and textual cues is needed.
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3.6 Evolution of ST-VQA

Dataset Questions Images Image sources Publication date

TextVQA [191] 45.3 K 28.4 K Generic CV [103] CVPR 2019

ST-VQA 31.8 K 23.0 K
ST Understanding
[93, 94, 149, 212]
Generic CV [40, 60, 104]

ICCV 2019

OCR-VQA [150] 1 M 207 K Book covers [80] ICDAR 2019

Text-KVQA [187] 1.3 M 257K
Book covers [80]
Movie posters [154]
Brand Scene Images

ICCV 2019

STE-VQA [221] 28.0 K 25.2K
English ST
[35, 93, 94, 129, 153, 212]
Chinese ST [194]

CVPR 2020

Table 3.4: Scene Text VQA datasets

After the publication of ST-VQA and TextVQA works and datasets, the field received a
lot of attention. On one hand, several datasets tackled Scene-Text VQA problems while
introducing extra challenges and tasks. OCR-VQA [150] is very similar in nature, it is
much bigger, but the questions and answers are created automatically from template ques-
tions. It consists of more than 1 million question-answer pairs about 207K images from
the Book Covers dataset [80], and consequently the questions in this dataset always refer
to information that can be found in the book covers such as the authors, title or genre
among others. However, in OCR-VQA more than 50% of the questions have answers that
are not scene text instances, including 40% binary (yes/no) questions and 10% questions
about book genres. Then, Text Knowledge-enabled VQA (Text-KVQA) [187] extended
this dataset to enable knowledge based questions by creating 1.3 million question-answer
pairs over 257K images and associated web-scale knowledge bases. Unlike previously
defined datasets, some of the questions in the Text-KVQA dataset may not be directly an-
swerable from the visual and textual information in the image, and require some reasoning
using the provided knowledge bases. The images in this dataset were sourced from Movie
Posters [154], Book Covers [80] and a collection of scene images of popular business
brands collected by the authors using the Google image search engine. Finally, the Scene
Text+Evidence Visual Question Answering (STE-VQA) [221] introduces cross-language
and localization challenges in Scene Text VQA. It is a bilingual dataset English-Chinese
that comprises 28,062 question/answer pairs on 25,239 images collected from publicly
available English and Chinese scene text detection and recognition datasets. Moreover,
the question-answer pairs were annotated with their corresponding bounding boxes in the
image, which allows models to point to the answer evidences.

Regarding methods, the ST-VQA task has become very popular. Since the publication of
the dataset, we have received 1,963 submissions from 73 different teams, out of which
153 methods have been made public. In this review of the task’s evolution, we will focus
on the Open Dictionary task, which even though it’s the most challenging, it is the most
realistic and has received most of the attention
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Figure 3.12: Evolution of method’s performance in ST-VQA dataset. The dashed red line
shows the human performance

The method VTA integrated textual features in BUTD [5] and become the winner of
the competition held in ICDAR 2019. Afterwards, we proposed the described method
MMGrid. One of the majors breaks was brought by the Multimodal Multi-Copy Mesh
(M4C) [71], which was the first method to use Transformers [211], fusing all different
modalities (question, scene text and visual features) after projecting them into the same
dimensional space and concatenating. It also used multiple representations for each of
the modalities to cover the different required information to answer the questions, for in-
stance, the recognized words were represented with FastText [20], PHOC [3], the bound-
ing box position and the visual features within the box, each projected into the same
dimensional space and averaged. The other major contribution of M4C was the use of an
iterative decoder with a pointer network that allowed the model to select a word from a
fixed vocabulary or from the recognized words at each time-step.

Most of the subsequent works [49, 61, 92] focused on directing the attention solely to the
essential tokens by using Graph Neural Networks or dynamic mask within Transformers,
usually based on the position of the tokens. The next big step was brought by Text-Aware
Pre-training (TAP) [230] model, which introduced pretraining in ST-VQA task to align
the different modalities. Even tough TAP was based on M4C architecture with minor
improvements, the pretraining task significantly boosted its performance. Consequently,
the next works [99, 134, 215] developed more sophisticated pretraining tasks while still
directing the attention towards the desired regions and tokens.

Finally, the rise of multitask multimodal LLM [28, 29, 156, 214] pretrained on vast
amounts of data and with several billion parameters has led to results very close to Human
Performance.
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3.7 Conclusions and Future Work

In this work we introduced a new and relevant dimension to the VQA domain. We pro-
posed the Scene Text VQA, a new dataset for Visual Question Answering that aims
to highlight the importance of properly exploiting the high-level semantic information
present in images in the form of scene text to inform the VQA process. The dataset com-
prises questions and answers of high variability, and poses extremely difficult challenges
for current VQA methods. We thoroughly analyzed the ST-VQA dataset performing a
series of experiments with baseline methods, which established the lower performance
bounds, and provided important insights. Although we demonstrate that adding textual
information to generic VQA models leads to improvements, we also show that ad-hoc
baselines (e.g. OCR-based, which do exploit the contextual words) can outperform them,
reinforcing the need for different approaches. Moreover, existing VQA models usually
address the problem as a classification task, but in the case of scene text based answers,
the number of possible classes is intractable.

To address these limitations, we presented a new model based on an attention mechanism
that attends to multimodal grid features, allowing it to reason jointly about the textual and
visual modalities in the scene. The provided experiments demonstrate that attending to
multimodal features is better than attending separately to each modality. Our grid design
choice has also proved to work well in this task, as well as the choice of a one-stage
object detection backbone instead of a classification one. Moreover, we have shown that
the proposed model is flexible enough to be combined with a standard VQA model, ob-
taining state-of-the-art results on mixed datasets with questions that can not be answered
directly using OCR tokens. However, the method is limited to provide short answers and
a generative pipeline such as the ones used in image captioning is required to capture
multiple-word answers.

The proposed Average Normalized Levenshtein Similarity metric is better suited for gen-
erative models compared to evaluating classification performance, while at the same time,
it has a smooth response to the text recognition performance.

After the presentation of this work that jointly with TextVQA pioneered the research
field of VQA integrating recognized text from the images, many other works have used
the dataset and continued to improve the performance on this task. While the trend has
become to use Transformers with different pre-training tasks to align the different modal-
ities. Some methods have also worked on focusing the self-attention to avoid learning
redundant or unnecessary features. However, the LLMs have been the ones who have
managed to achieve performance close to human.
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Chapter 4

Background

In this section, we provide an introductory overview of Document Understanding and
Machine Reading Comprehension research fields. In the former section we contextualize
the existing document tasks that serve as the foundation for the Document Visual Ques-
tion Answering (DocVQA) task, contextualizing the subsequent chapters 5, 6, 7, 8. In
the Machine Reading Comprehension (MRC) related work section, we show previous
datasets and methods that perform Question Answering on machine-readable text, which
have later inspired several methods proposed on DocVQA.

4.1 Document Understanding

Document understanding has been largely investigated within the document analysis com-
munity with the final goal of automatically extracting relevant information from doc-
uments, which comprises a varied set of tasks such as character recognition [43], sig-
nature verification [79], table extraction [95] or key-value pair extraction [157] among
others. And, most of the works have focused on structured or semi-structured documents
such as forms, invoices, receipts, passports, ID cards, e-mails or contracts. While ear-
lier works [41, 176] were based on a predefined set of heuristic rules that required the
definition of specific templates for each new type of document, learning-based meth-
ods [36, 157] allowed to automatically classify the type of document and identify rele-
vant fields of information without predefined templates. Recent advances in deep learn-
ing [126, 228, 239] leverage natural language processing, visual feature extraction and
graph-based representations to achieve a holistic document understanding that integrates
word semantics with the visual layout. The extracted information in then fused using
Graph Convolutional Networks (GCN) [102] or Transformer [211] networks to output
the required document information. Moreover, recent trends [228] involve pre-training
the methods on task-agnostic objectives such as masking and reconstructing tokens from
the recognized text, or document classification. These objectives effectively align the in-
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terplay between the different input modalities, including semantic meaning, 2-D position,
and visual information. Leveraging these pre-training objectives often requires fewer an-
notations, enabling the methods to be trained on significantly larger datasets than those
available for downstream tasks, which leads to better generalization capabilities and per-
formance.

However, all these methods specifically designed for different tasks mainly focus on ex-
tracting key-value pairs or finding specific isolated words by following a bottom-up ap-
proach from the document features to the relevant semantic information. In contrast, by
using the visual question answering paradigm, the different information extraction tasks
can be tackled by a single model, following a top-down approach, where the question will
guide the information extraction process to find the answer.

Another common application on documents is document retrieval, which aims to search
for relevant information in large collections of documents. Most works have addressed
this task from the perspective of word spotting [168], i.e., searching for specific query
words in the document collection without relying on explicit noisy OCR. Current state-of-
the-art on word spotting is based on similarity search in a common embedding space [3]
where both the query string and word images can be projected using deep networks [105,
193]. In order to search for the whole collection, these representations are combined with
standard deep learning architectures for object detection in order to find all instances of
a given word in the document [105, 222]. However, word spotting only allows searching
for the specific instances of a given word in the collection, without taking into account
the semantic context where that word appears. Instead, when framing a question over the
whole collection of documents as we introduce in Chapter 7, the retrieval is not limited to
find specific isolated words, but to make a semantic retrieval of documents based on the
queried question.

4.2 Machine Reading Comprehension
and Question Answering

In the natural language processing community, the use of text in computer readable for-
mat is prominent in machine reading comprehension (MRC) and open-domain question
answering (QA). In MRC, the goal is to answer a question based on a given passage
of text, and it is often formulated as an extractive QA problem where the answer is
defined as a span of the context where the question is defined. Some of the popular
datasets used for MRC are SQuAD [167], NewsQA [209] and TriviaQA [88], which de-
fine questions on Wikipedia, CNN news articles and the Internet respectively. In contrast,
MS MARCO [155] proposes an abstractive QA dataset, where the answer is not always
present explicitly in the passage, which requires the models to have a deeper understand-
ing of the question and the context to infer the answer. Consequently, abstractive QA is
considered more challenging than extractive QA since it involves generating a new text to
answer the question rather than selecting a span of text.
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In Open-domain QA, the machine is required to find the answer without context, or from
a very large collection of unstructured documents or knowledge bases. SearchQA [45]
is a dataset created from real queries in Google search engine, and the answers must be
retrieved from the search results. Natural Questions (NQ) [107] follows a similar, but
it includes two versions of the answers for each question, a long and a short one. In
WebQuestions [196], the method needs to gather for extra information in a knowledge
base to answer the question. In contrast, HotpotQA [232] is a dataset designed to test
systems’ ability to answer questions that require both context understanding and multi-
hop reasoning. The dataset consists of questions with supporting documents, and the
answers often require aggregating information from multiple passages.

Closely related to the topic of this thesis, FigureQA [91] is a synthetically generated
dataset over figures, which questions ask for different measures (maximum, minimum,
median, area-under-the-curve, . . . ) on different types of plots. Even though it is required
to read the text of the figures to answer the questions, all of them are binary answered
yes/no, and the labels used for the plots in different figures are fixed. In this regard,
DVQA [90] is a concurrent and similar work, which contains more complex questions di-
vided into three different types: Structure Understanding, Data Retrieval, and Reasoning,
which allows assessing different kind of reasoning abilities. However, the text in both
datasets is rendered with good quality and standard font types, representing a less chal-
lenging setup. Moreover, both datasets lack of the context of a whole document page, and
the methods can focus on solving the task without considering text-dense images, tables
or complex layouts that can be found in documents. Another similar work, the Textbook
Question Answering (TQA) dataset [97] proposed multimodal questions given a context
of text, diagrams and images, but the textual information is provided in computer readable
format.

In traditional MRC and QA tasks, the context is typically provided in a machine-readable
format, and therefore, the main difference between these tasks and VQA relies on the fact
that they don’t require any kind of visual cue to answer the questions while in DocVQA,
the context consists of document images with a variety of visual and textual elements
where the models will need to extract the text, and combine computer vision and natu-
ral language processing techniques to accurately integrate both modalities to answer the
questions. Nevertheless, some datasets for MRC are effectively used for pretraining meth-
ods that are afterwards fine-tuned in DocVQA tasks. Moreover, language-only methods
provide valuable insights as visually-blind baselines, showing the capabilities of such
methods, and the need to integrate the images in multimodal pipelines.

Regarding methods, the earliest methods for Extractive QA [167] combined statistical
approaches such as TF-IDF with Part of Speech tagging features and sliding window to
retrieve the answer from the given context. With the advent of Neural Networks, word
embeddings [20, 147, 159] combined with Recurrent Neural Networks [33, 69, 177]
had a significant impact on both extractive and abstractive question answering meth-
ods [27, 78, 113, 145, 179], enabling them to capture semantic relationships and con-
textual information more effectively.
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Recent Transformer based pretraining methods like BERT [42] and XLNet [231] have al-
lowed QA models to outperform Humans on reading comprehension like SQuAD [167].
These methods concatenate the question and the context with a special separator token
[SEP], and use a segment embedding to distinguish between the question and the pas-
sage. Along with the semantic representation, they also use a 1-D positional encoding to
provide information about the position of each token in the sequence. The input is then
fed through multiple layers of Transformer layers, where each layer applies self-attention
to capture the relationships between words in a contextual manner. The self-attention
mechanism allows the transformer-based models considering the entire input sequence
when generating representations for each token. The output consists of the probability
distribution over each token, indicating the likelihood of it being the start or end position
of the answer span.



Chapter 5

Visual Question Answering on Single
Page Documents

We present a new dataset for Visual Question Answering (VQA) on document im-
ages, named SP-DocVQA, which includes more than 12,000 document images and
50,000 associated questions. We also provide a detailed comparative analysis of the
dataset with other similar VQA and reading comprehension datasets, and evaluate
several baselines based on existing VQA and reading comprehension models. Al-
though these models perform reasonably well on certain types of questions, they show
a large performance gap compared to human performance (94.36% accuracy), espe-
cially on questions where understanding the structure of the document is crucial.

51
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5.1 Introduction

Research in Document Analysis and Recognition (DAR) has been mainly focused on
automatic information extraction from document images through tasks such as optical
character recognition [43], table extraction [95] or key-value pair extraction [157]. As
described in section 4.1, such algorithms tend to be designed as task specific blocks, blind
to the end-purpose the extracted information will be used for. While these information
extraction pipelines have progressed independently, achieving holistic document image
understanding through a simple constructionist approach built upon such modules is not
possible.

In this chapter, we introduce Single Page Document Visual Question Answering (SP-
DocVQA), as a high-level task dynamically driving the methods to conditionally inter-
pret the document images based on questions, fostering a “purpose-driven” approach in
DIAR research. In SP-DocVQA, as illustrated in Figure 5.1, an intelligent reading system
is expected to respond to ad-hoc requests for information, expressed in natural language
questions by human users. To do so, reading systems should not only extract and in-
terpret the textual (handwritten, typewritten or printed) content of the document images,
but exploit other numerous visual cues including layout (page structure, forms, tables),
non-textual elements (marks, tick boxes, separators, diagrams) and style (font, colors,
highlighted text), to mention just a few.

Therefore, generic VQA [57] and Scene Text VQA [18, 191] methods are not suitable
for document images. Document VQA requires a different approach to leverage all the
aforementioned visual cues, but also make use of prior knowledge implicit in written
communication conventions, handles the dense semantic information within such images.
Furthermore, like ST-VQA, Document VQA answers cannot be sourced from a closed
dictionary, since they are inherently open-ended. In contrast to previous approaches that
focused on specific document elements such as data visualizations [90, 91] or specific
collections such as book covers [150], which are often based on synthetic data and/or
template questions lacking diversity. The SP-DocVQA dataset is a large scale, varied col-
lection of real documents, comprising a multitude of different document types including
letters, forms, reports or contracts among other, and a range of different textual, graphical
and structural elements like tables, forms, or figures, with questions defined by human
annotators.
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Q: What is the ZIP code written?
A: 80202
Q: What date is seen on the seal at the top of the letter?
A: 23 sep 1970
Q: Which company address is mentioned on the letter?
A: Great western sugar Co.

Q: What is the flyer about?
A: Winston Drag Racing Intercept Program
Q: When is the Intercept program scheduled?
A: February 3 - 6
Q: Who is the lead manager?
A: Tonya Bonkalski

Q: What is the Best Prototype mentioned?
A: 327391
Q: What is the LBS at target of total strips?
A: 10,000.0 @ 15.0%
Q: What is the solid LBS of T2F grade?
A: 510.0

Q: When was the MSA segment share dated?
A: October 1995
Q: What is the % of PM?
A: [49.45%, 49.45]
Q: How much is B&W?
A: [19.66%, 19.66]

Figure 5.1: Example question-answer pairs from SP-DocVQA. Answering questions in
the new dataset require models not only reading the text, but also interpret it within the
layout and structure of the document.
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5.2 SP-DocVQA Dataset

5.2.1 Dataset creation

Document Images: Images in the dataset are sourced from documents in the UCSF
Industry Documents Library1. The library is a digital archive of documents from various
industries concerning public health and currently hosts more than 40 million documents.
We downloaded the documents minimizing binarized images to avoid having poor image
quality, and prioritized pages with tables, forms, lists and figures over pages which only
contained running text.

The final set of images in the dataset is drawn from 12,767 pages of 6,071 industry docu-
ments. More specifically, the documents belong to the 5 major industries the UCSF-IDL
library hosts: Tobacco, food, drug, fossil fuel and chemical. However, as observed in
Figure 5.3, which shows the industry wise distribution of the 6071 documents, most of
them belong to food and nutrition related collections, as their document images are usu-
ally non-binarized, unlike in the other industries. Moreover, the documents are dated from
as early as 1900 to as recent as 2018 (Figure 5.2a) although the majority are dated from
the 1960-2000 period. The document images include typewritten, printed, handwritten
and born-digital text, and they represent a wide variety of types including letters, emails,
forms, articles, invoices or budgets among others, as it is shown in Figure 5.2b.

Questions and Answers: Questions and answers on the selected document images were
collected with the help of remote workers using a Web based annotation tool. To ensure
good quality, the workers for the process were selected from a pool of applicants, based on
an online quiz assessing applicants’ ability to frame questions, adhering to the annotation
standards and policies instructed in a prior web tutorial. Moreover, during the annotation
process, we provide feedback to the annotators to keep improving annotation quality.
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Figure 5.2: Document images are sourced from 6071 documents spanning many decades,
of a variety of types, originated from 5 different industries.

1https://www.industrydocuments.ucsf.edu/

https://www.industrydocuments.ucsf.edu/
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Tobacco Food Drug Fossil Fuel Chemical

Figure 5.3: Industry-wise distribution of the documents.

The annotation process was organized in three stages, similarly as in ST-VQA. In stage
1, the workers were given a document image and asked to define at most 10 question-
answer pairs on it. We encouraged the workers to add more than one ground truth answer
per question in cases where it was required to capture language variability. Some ex-
amples of these cases are the second and third questions of the bottom-right image in
Figure 5.1, for the second question, both 49.5% or just 49.5 are possible correct answers
to the question asking about the percentage. The workers were also instructed to ask
questions which can be answered using text present in the image, and to enter the answer
verbatim from the document. Thus, in the previous example, “forty-nine point five per-
cent” is not considered a possible answer. Even though this makes SP-DocVQA dataset
an extractive QA problem, it helps to keep control over the annotations and their quality.
Nonetheless, the questions can still be posed on figures or images, as long as the answer’s
text is present in the image.

The second annotation stage was aimed to verify the data collected in the first stage.
Here the workers were shown an image and the questions defined on it during the first
stage (but not the answers), and were required to enter the answers for the questions. In
this stage, they were also required to assign one or more question type to each question,
which indicates the information or evidence required to answer the question. The different
question types in SP-DocVQA are further discussed in statistics section 5.2.2. During the
second stage, the workers had the option to indicate that a question was inadequate either
due to language issues or ambiguity, and consequently, such questions were not included
in the dataset.

If none of the answers entered during the first stage match exactly with any of the answers
from the second stage, the question was sent for review in a third stage. Here questions
and answers are editable and the reviewer either accepts the question-answer (after editing
if necessary) or rejects it. The third stage review was done by the authors themselves.
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5.2.2 Statistics and Analysis

The SP-DocVQA dataset comprises 50,000 questions framed on 12,767 images, and the
data is split randomly in a 80%−10%−10% ratio to train, validation and test splits.

Question types: Figure 5.4 shows the frequency of the 9 question types in the dataset.
The questions type(s) collected during the second stage of the annotation process indi-
cates the type of data on which the question is grounded, i.e. the kind of information
that needs to be analyzed to answer the question. For example, ‘table/list’ is assigned if
answering the question requires to analyze and understand tabular or list structures, like
in the second and third questions of the top-right image of Figure 5.1. If the information
is in the form of a key:value, the ‘form’ type is assigned like the first question of the
same example. ‘Layout’ is assigned for questions that require spatial/layout information
to find the answer, like questions asking for a title or heading, which require understand-
ing the structure of the document. If the answer to a question is based on information
in sentences or paragraphs, the type assigned is ‘running text’. When the question asks
about information on a figure or diagram like in Figure 5.1 (bottom-right), the ‘figure’
label is assigned. Instead, ‘photograph’ type is assigned when the question is posed over
a picture taken with a camera like in Figure 5.11 (right). Moreover, for all the questions
where the answer is based on handwritten text, the ‘handwritten’ type is assigned. Note
that each question can have more than one type associated with it. We provide examples
of SP-DocVQA document images with their questions, answers and their types with the
qualitative examples in section 5.4.2.
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Questions: Figure 5.5a shows the question length distribution in SP-DocVQA compared
to other similar datasets. The average question length is 8.12 words, the second high-
est among the compared datasets, surpassed only by SQuAD (10.07). Additionally, the
dataset stands out with 70.72% of its questions being unique, indicating a diverse range
of question types and topics. Figure 5.5b shows the top 10 most frequent questions and
their frequencies. There are multiple questions asking for dates, titles and page numbers.
A sunburst of the first 4 words of the questions is shown in Figure 5.5c, which shows that
a large majority of questions start with “what is the”, asking for the aforementioned dates
and titles, but also names or total and amount quantities.
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Figure 5.5: Question statistics and comparison with similar VQA and MRC datasets. Most
of the questions aim to retrieve relevant information in documents such as date, title, total
amount or page number.
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Answers: The distribution of answer lengths is shown in Figure 5.6a. We observe in the
figure that both SP-DocVQA and SQuAD have a higher number of longer answers com-
pared to the VQA datasets. The average answer length is 2.17, with 63.2% of the answers
being unique. The top 10 answers in the dataset are shown in Figure 5.6c. While the
answer space is quite diverse (the most common answer “2” is the answer for only 0.7%
of questions in the dataset). We observe that almost all the top answers are numeric val-
ues, which is expected because there are many document images of reports and invoices.
In Figure 5.6d we show the top 10 non-numeric answers, which are mostly named entities
about people, institutions and places. This, is strongly correlated with the word cloud
in Figure 5.6b that shows the non-numerical answers word’s frequency.
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Figure 5.6: Answer statistics and comparison with similar VQA and MRC datasets. Most
answers are numeric values and some named entities.
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Document’s words: Along with the dataset, we provide the recognized text from the
documents extracted with the commercial OCR Microsoft Azure [146]. In Figure 5.7a
we show the number of images (or ‘context’s in case of SQuAD) containing a particular
number of words. The average number of words per document or context is the highest
in the case of SP-DocVQA (182.75), which is considerably higher compared to SQuAD
where contexts are usually small paragraphs whose average length is 117.23 tokens. In
case of VQA datasets which comprise real world images, the average number of OCR
tokens is not more than 13. The word cloud on Figure 5.7b shows the most frequently
occurring words extracted by the OCR from the images in SP-DocVQA. Notably, there is
a high overlap between these common OCR tokens and the words found in the answers
provided for the dataset.
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5.3 Baselines

To assess the task complexity, we evaluate different heuristics, MRC and ST-VQA models
on the introduced SP-DocVQA dataset.

5.3.1 Heuristics and Upper Bounds

The heuristics we evaluate are:

• Random answer: Performance when a random answer is picked from the available
answers in the train split.

• Random OCR token: Performance when a random OCR token from the given
document image is picked as the answer.

• Longest OCR token and Biggest OCR Token: Measures the performance when
the longest OCR token in terms of amount of characters, and the OCR token with
the bounding box with the largest area are selected as answers.

We also provide the following upper bounds:

• Vocab UB: Performance when correctly predicting the answers from a fixed dic-
tionary comprising all the answers that occur more than once in the train split.

• OCR subsequence UB: Upper bound of predicting the correct answer from the
subsequence of the image OCR tokens’. Therefore, the OCR tokens must be in the
same exact order as the answer.

• OCR substring UB: Upper bound of predicting the correct answer from any com-
bination of the recognized OCR tokens.

• Human performance: We collect the answers for all the questions in the test set
with the help of few volunteers from our institution. Similar to the instructions
given to the remote workers who annotated the dataset, we asked the volunteers to
enter the answer extracted verbatim from the document text.

5.3.2 VQA Models

To evaluate the performance of existing VQA models on SP-DocVQA, we employed the
two only models that, at the time of publishing the dataset, considered the text present in
the images: LoRRA [191] and M4C [71].

LoRRA: follows a bottom-up and top-down attention [5] scheme, with additional bottom-
up attention over the OCR tokens from the images. In LoRRA, the question tokens are
first embedded using the pre-trained embedding GloVe [159], which are iteratively en-
coded using an LSTM [69] encoder. The model uses two types of spatial features to
represent the visual information from the images (i) grid convolutional features from a
Resnet-152 [65] pre-trained on ImageNet [40] and (ii) features extracted from bounding
box proposals from a Faster R-CNN [171] object detection model pre-trained on Visual
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Genome [104]. OCR tokens from the image are embedded using the pre-trained word
embedding FastText [20]. An attention mechanism is used to compute a weighted aver-
age attention over the image features and the OCR tokens’ embeddings. These averaged
features are combined and fed into a classification output module. The classification layer
of the model predicts an answer either from a fixed vocabulary (made from answers in the
train set), or from a dynamic vocabulary, which is essentially the list of OCR tokens in the
image. Here, the copy mechanism can copy only one of the OCR tokens from the image
and consequently, it cannot output an answer which is a combination of two or more OCR
tokens.

M4C: Was the current the state-of-the-art method on ST-VQA, TextVQA, and OCR-
VQA datasets at the time of this work. It uses a multimodal transformer and an iterative
answer prediction module. In M4C the tokens in questions are embedded using a BERT
model [42]. The images are represented using (i) appearance features of the objects de-
tected using a Faster-RCNN pretrained on Visual Genome [104] and (ii) location infor-
mation as bounding box coordinates of the detected objects. The OCR tokens recognized
from the image are represented using (i) the pretrained word embedding FastText, (ii)
the appearance feature of the token’s bounding box from the same Faster R-CNN used
for the appearance features of objects, (iii) the PHOC [3] representation of the token and
(iv) the bounding box coordinates of the token. Then these feature representations of the
three modalities (question tokens, objects and OCR tokens) are projected into a common,
learned embedding space and fed into a stack of Transformer [211] layers, where the
multi-head self attention in the transformers enables both intra- and inter-modality atten-
tion. Finally, the answers are predicted through iterative decoding in an auto-regressive
manner from a fixed vocabulary or from the recognized OCR tokens. Note that in this
case the fixed vocabulary consists of the answer words, and not the answers itself as in
the case of LoRRA.

In our experiments, we use the original LoRRA and M4C model implementations and few
variant setups to adapt it to documents. Since document images in SP-DocVQA usually
contain higher number of text tokens compared to images in scene text VQA datasets, we
use larger dynamic vocabularies (i.e. more OCR tokens are considered from the images)
for both LoRRA and M4C. Moreover, for both models, we also evaluate its performance
when no fixed vocabulary is used. On the other hand, given that the notion of visual
objects in real word images is not directly applicable in document images, we also try out
variants where objects features are omitted.

5.3.3 Reading Comprehension Models

In addition to the VQA models which can read text, we evaluate extractive question an-
swering models from NLP. In particular, we use BERT [42] question answering model,
which is a pre-trained language representations from unlabeled text using Transform-
ers [211]. These pretrained models can be used for downstream tasks with just an addi-
tional output layer. In the case of BERT, this is achieved by attaching a language layer at
the end to predict the start and end indices of the answer span within the provided context.
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5.4 Experiments

To evaluate the method’s performance, we use as the primary metric the Average Normal-
ized Levenshtein Similarity (ANLS) introduced in ST-VQA, Chapter 3, section 3.2.4. We
also provide the Accuracy for better interpretation of the results.

5.4.1 Experimental setup

In all the experiments including heuristics and trained baselines, the OCR tokens are
extracted using the commercial OCR Microsoft Azure [146]. For the heuristics, upper
bounds, and VQA models we use a fixed vocabulary of the 5,000 most frequent answers
in the train split.

For LoRRA and M4C models we use the official implementations available as part of
the MMF framework [188], and use the same settings and hyperparameters as the ones
reported in the original works. For BERT, we use two pre-trained models of different
sizes from the Huggingface Transformers library [223], which we refer to as BERT-Base
and BERT-Large. Moreover, we also show the performance when BERT is trained on
SQuAD before fine-tuning on SP-DocVQA. In extractive question answering or reading
comprehension datasets, ‘contexts’ on which questions are asked are usually passages of
electronic text. Instead, in SP-DocVQA ‘contexts’ from document images are simulated
by concatenating the OCR tokens into a single string following the top-left to bottom-right
reading order. In addition, to fine-tune the BERT QA models the answers are formatted as
a ‘span’ of the contexts, defined by the start and end indices of the answer. To approximate
the answer spans, we follow the approach proposed in TriviaQA [88], which consist of
finding the first match of the answer string in the serialized OCR string.
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5.4.2 Results

The results of all heuristic approaches and upper bounds are reported in Table 5.1, where
it can be seen that all heuristics fail to achieve even 1% of accuracy in the validation or test
splits. Notably, the performance when choosing the Longest or Biggest bounding boxes
achieve worse performance than the comparable STR(bbox) in ST-VQA (Table 3.2), that
achieves 0.128 of ANLS in the open dictionary task. This suggests that the intuition that
humans tend to formulate questions about the largest text instance in the image is not
as frequently applicable in the context of documents. Documents, being more textually
dense and featuring particular layouts, might direct human attention over other regions.

Baseline
Val Test

ANLS Acc. ANLS Acc.

Random answer 0.003 0.00 0.003 0.00
Random OCR token 0.013 0.52 0.014 0.58
Longest OCR token 0.002 0.05 0.003 0.07
Biggest OCR token 0.010 0.62 0.011 0.67

Vocab UB - 31.31 - 33.78
OCR subsequence UB - 76.37 - 77.00
OCR substring UB - 85.64 - 87.00
Human performance - - 0.981 94.36

Table 5.1: Evaluation of heuristics methods and upper bounds on SP-DocVQA. Predicting
random answers or majority answer do not even yield 1% accuracy. Answers are a substring
of the serialized OCR output in more than 85% of the cases.

The Vocabulary Upper Bound shows that the variability of the answers in the dataset
allows to correctly answer only the 33.31% and 33.78% of the questions in the validation
and test splits. This highlights the need of extra dynamic vocabularies or mechanisms
that allows to include the image text as answers. The OCR subsequence UB shows that
the answer is a sub-sequence of the concatenated OCR for around 76% of the questions
in both validation and test splits, while OCR substring UB shows that the combination of
the recognized words in any order are the correct answer for around 86% of the questions.
This means that for around 10% of the questions, the words forming the answers are
not consecutively positioned in the recognized OCR sequence, which will require the
methods to reason about different places in the document. Moreover, since SP-DocVQA
is proposed as an extractive task, and all words of the answers must be present in the
image, it means that for 14% of the questions, the words comprising the answer have been
recognized with errors, or they have not been recognized at all.
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The results of the VQA baselines are reported in Table 5.2. The first row in both methods
reports the results of the models following the original settings proposed by their respec-
tive authors. In case of LoRRA, the original setting proposed by the authors yields to
the best results compared to the proposed variants we try out. With no fixed vocabulary,
the performance of the model drops sharply, suggesting that the model primarily relies on
the fixed vocabulary to output the answers. Larger dynamic vocabulary results in a slight
performance drop, suggesting that incorporating more OCR tokens from the document
images makes the attention over the dynamic vocabulary more sparse, and becomes more
difficult to train the model. Unlike LoRRA, M4C benefits from a larger dynamic vocab-
ulary, since increasing the size of the dynamic vocabulary from 50 to 500 improves by
around 10 points of ANLS. In addition, when object features are omitted, M4C performs
slightly better compared to the original setting, which is expected as recognized objects
have little sense in documents.

Method
Objects’ Fixed OCR Val Test
features vocabulary Tokens ANLS Acc. ANLS Acc.

LoRRA [191]

✓ ✓ 50 0.110 7.22 0.112 7.63
✓ ✗ 50 0.041 2.64 0.037 2.58
✗ ✓ 50 0.102 6.73 0.100 6.43
✓ ✓ 150 0.101 7.09 0.102 7.22
✓ ✓ 500 0.094 6.41 0.095 6.31

M4C [71]

✓ ✓ 50 0.292 18.34 0.306 18.75
✓ ✗ 50 0.216 12.44 0.219 12.15
✗ ✓ 50 0.294 18.75 0.310 18.92
✗ ✓ 150 0.352 22.66 0.360 22.35
✗ ✓ 300 0.367 23.99 0.375 23.90
✗ ✓ 500 0.385 24.73 0.391 24.81

Table 5.2: Performance ST-VQA models on SP-DocVQA. Detection of visual objects and
their features (bottom-up attention), a common practice in VQA is ineffective in case of
SP-DocVQA.

Results of the BERT question answering models are reported in Table 5.3, which shows
that BERT, in any of the settings perform better than the best VQA baseline, which is
M4C (last row in Table 5.2). This suggests that modelling the long textual context in doc-
uments is closer to machine reading comprehension tasks, as the number of entities in-
volved in ST-VQA task are usually much lesser than in documents. As expected, the best
performing BERT setting is the BERT-Large when, trained on SQuAD and SP-DocVQA,
performing ∼ 5 points of ANLS better than BERT-Large, which suggests, as in other
similar works, that the amount of data used strongly boosts the results obtained.
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Model
Fine-tune on Fine-tune on Val Test

SQuAD SP-DocVQA ANLS Acc. ANLS Acc.

BERT-Base ✗ ✓ 0.556 45.60 0.574 47.60
BERT-Large ✗ ✓ 0.594 49.28 0.610 51.08
BERT-Large ✓ ✗ 0.462 36.72 0.475 38.26
BERT-Large ✓ ✓ 0.655 54.48 0.665 55.77

Table 5.3: Performance of BERT question answering model. BERT-Large model trained
on SQuAD [167] and fine-tuned on SP-DocVQA performs the best.

In Figure 5.8 we show the ANLS performance by question types, comparing the best
VQA and BERT models against the human performance on the test split. While the
human performance is uniform along different question types, BERT performs better in
running-text and forms, where usually standard reading order with the textual semantics
is enough to answer the questions. Instead, its performance drastically drops for figures
and photographs, where spatial and visual features are very relevant. Moreover, BERT
seems to perform bad on the handwritten type. This is interesting as the OCR recognition
system is prepared for handwritten text and this drop might be caused by the position
of the text, which are often handwritten annotations placed in ways that overlap with
other words, are rotated, or appear between different lines. These factors can alter the
standard reading order of the paragraph, and pose difficulties for accurate recognition.
On the contrary, M4C poor performance doesn’t seem to stand out in any of the question
types. In Figures 5.9 to 5.13 we show some qualitative results from our experiments,
demonstrating a different behavior of BERT and M4C models on different question types.
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Figure 5.8: Best BERT and M4C baselines against the human performance for different
question types. We need models which can better understand figures and text on pho-
tographs. Moreover, models that can better read and interpret handwritten text could im-
prove the performance on this category.
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Q: What is the underlined heading
just above the table?

Q: What is the Extension Number as
per the voucher?

Q: How many boxed illustrations are
there?

QT: Layout QT: Table/List QT: Layout, Figure
GT: indications for implantation GT: (910) 741-0673 GT: 9
M4C: indications for implantation M4C: 963.12 M4C: 4
BERT: total aneurism BERT: (910) 741-0673 BERT: 4
Human: indications for implantation Human: (910) 741-0673 Human: 9

Figure 5.9: Qualitative results from our experiments. The BERT model can’t answer cor-
rectly the leftmost example due to the lack of visual features, while M4C responds correctly.
In the second example, the BERT model correctly answers a question on a form while the
M4C model fails. In the rightmost example, both models fail to understand a step by step
illustration.
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Q: What is the total cost for Fat cell size (Mt.
Sinai) in the -05 year?

Q: What is the first recipe on the page?

QT: Table/List QT: Layout
GT: 35,864 GT: hawaiian fruit cake
M4C: 4400 M4C: island desserts (continued from cake
BERT: 35, 864 BERT: hawaiian fruit cake
Human: $35,864 Human: hawaiian fruit cake

Figure 5.10: Examples where BERT QA correctly answers questions other than ‘run-
ning text’ type: In the first question, the model gets the answer correct except for an extra
space. In the second example, it answers correctly, which can be explained because BERT
can interpret both the meaning of what a recipe is, and the order, even if it is 1-D.
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Q: What is written inside logo in the bottom of the
document?

Q: What Tobacco brand of GPI is shown in the
picture?

QT: Layout QT: Photograph
GT: let yourself grow! GT: prince
M4C: yourself grow! M4C: prince
BERT: <no prediction> BERT: <no prediction>

Human: let yourself grow! Human: prince

Figure 5.11: Qualitative results on questions based on pictures or photographs. BERT
can’t answer questions about text within logos or pictures, since the lack of visual features
makes it unfeasible to contextualize such text. In contrast, M4C which extract the visual
features of the OCR bounding boxes can correctly answer both examples.
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Q: What is the position above "vice chairman"? Q: What is the highest value shown on the ver-
tical axis?

QT: Figure QT: Figure
GT: chairman GT: 99.99
M4C: legal counsel M4C: 50
BERT: legal counsel BERT: 32
Human: chairman Human: 99.99

Figure 5.12: Understanding figures and diagrams. Both models fail to answer complex
questions asked over diagrams. The structure and flow of an organizational hierarchy di-
agram or find the largest value of a ‘vertical axis’ seems to be too complex tasks for both
methods.
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Q: What is the name of the passenger? Q: What is the date present in the memo
QT: Form, Handwritten QT: Form
GT: dr. william j. darby GT: 1/7/77
M4C: larry M4C: 1 7 77
BERT: larry BERT: 1 / 7
Human: dr. william j. darry Human: 1/7/77

Figure 5.13: Impact of OCR errors. The accurate text recognition performance have a
significant impact over the final performance. In these questions, both models are capable
to correctly ground the questions over the relevant information, but failed to provide the
correct answers only due to the OCR mistakes. In the first example, even the answer pro-
vided during the human performance study contains errors due to the complex handwriting
style placed over the form line. In the second example, the OCR system has split the date
into multiple tokens, resulting into incorrect answers of both the models.



71 Visual Question Answering on Single Page Documents

5.5 Evolution of VQA on Single Page Documents

Since the publication of Single Page DocVQA there has been great progress in this topic,
and we have received in the online evaluation platform more than 3190 submissions from
116 different teams, out of which 101 methods have been made public.
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Figure 5.14: Evolution of method’s performance in SP-DocVQA dataset.

The winner of the DocVQA competition on single page document images was the DQA
method [144] from the PingAn Chinese Insurance Company. It mainly consisted of a
BERT-based transformer with 2-D positional embedding that was pretrained on Masked
Language Modelling and answering synthetic generated questions. The representation of
the spatial location in 2-D was very early adopted due to already proposed methods in
ST-VQA and other document intelligence tasks. For example, LayoutLM [228] also used
a 2-D positional embedding and pretrained the network to align both modalities. Dur-
ing the downstream task, the method also incorporated the visual features from the text
bounding boxes to make use of this modality. Pre-training tasks were also widely adopted
by most of the methods, each one adapting these strategies to align the used modalities.
LayoutLMv2 [227] extended his predecessor by using different learnable bias to explicitly
model the relative position, while they also make use of the visual features extracted from
a ResNeXt [226] during the novel pretraining tasks proposed to align the three semantic,
spatial and visual modalities. The last version, LayoutLMv3 [72], replaced the CNN im-
age backbone for a simple linear embedding of the image patches, which turned the model
much lighter and efficient. Another relevant contribution was brought by TILT [161],
which extends the T5 [166] architecture, by replacing the positional embeddings with a
2-D spatial bias in the self-attention, and uses a U-NET to embed the visual features.
Since T5 is a generative method, TILT became the first generative method for Document
Visual Question Answering.
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However, all these methods make use of an off-the-shelf OCR that is used beforehand,
and the extracted text is fed to the proposed methods. In contrast, several methods such
as SelfDoc [119], DocFormer [7], Donut [100], Dessurt [38] and Pix2Struct [112] have
attempted to perform OCR-Free DocVQA, implicitly learning to read and interpret the
document layout from the images only. However, although these methods perform com-
parable results compared to the rest of the methods on other Document Understanding
tasks like Document Classification or Information Extraction, they show a significant
performance gap in DocVQA, which suggests that they lack of a fine-grain semantic in-
formation necessary to answer the questions.

Since DocVQA and SP-DocVQA in particular is an interesting topic also for the industry,
many companies have proposed their methods [7, 38, 72, 119, 161, 227]. Even though
some of them lack of related paper such as Mybank-DocReader, Tencent Youtu, BAIDU-
DI, Alibaba DAMO or ERNIE-Layout 2.0 due to both confidentiality and that they are
often based on engineering rather than novel research, they coped the top leaderboard
for long time. The last two models Alibaba DAMO and ERNIE-Layout 2.0 are specially
interesting examples, since both consist of an ensemble of 30 models each, which even
though might seem a basic approach, combining the output of 30 models might become
complex. Unfortunately, since these methods don’t have related papers, there isn’t much
more information about them.

On the other hand, following the trend to pretrain the model not only in self-supervised
objectives, but also in multiple supervised tasks before fine-tuning on the downstream
task, UDOP [199] achieved state-of-the-art results. Finally, LLM have also found their
place in SP-DocVQA. PALI-X [28] and GPT-4 [156], are both top-scoring methods.

5.6 Conclusion

In this work, we have presented an important extension to the Visual Question Answering
(VQA) domain, by performing the task over Documents, and thus starting the sub-field
of Document Visual Question Answering (DocVQA). The proposed task aims to inspire
a purpose-driven approach in document image analysis and recognition research by re-
quiring models to answer questions related to the content of documents. To facilitate
research in this area, we have introduced a new dataset for DocVQA that encompasses
diverse challenges such as understanding complex layouts, form and table understanding,
and recognition of different font styles.

Moreover, we have conducted a thorough analysis of the proposed dataset, using various
baseline models, including OCR-based heuristics, state-of-the-art VQA models and NLP
pre-trained language models. Our experiments demonstrate that the SP-DocVQA dataset
is highly challenging and requires models to exploit the inherent structure of documents
and the interactions between textual and visual modalities. We have shown that although
existing models can provide competitive performance on some subsets of the dataset, we
identify several cases where integrating more visual information, and understanding the
structure of the document is needed besides just using the serialized recognized text.
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Our results also highlight the need for novel approaches that can leverage the rich contex-
tual information present in documents to improve performance. Furthermore, we have
shown that this task requires a different formulation from previous ST-VQA, as doc-
uments contain much more text than natural images, and the visual features of docu-
ment images are vastly different from natural images. This implies that models for SP-
DocVQA must be able to handle the complex visual structure of documents and effec-
tively combine the textual and visual modalities. Hence, future research should focus
on developing models that can effectively reason over the structural and semantic infor-
mation of documents and provide meaningful and diverse answers to document-based
questions.

Furthermore, it is important to note that in the SP-DocVQA dataset, questions are ex-
plicitly designed to have their answer in the OCR tokens of the document. This type of
questions are the ones expected to be tackled reasonably well by NLP methods upon a
serialized or structured recognition output over the document. However, this type of task
is relatively straightforward and more challenging questions are possible in the DocVQA
domain.

After the presentation of this work that introduced VQA on documents, several works
have utilized the dataset to enhance the performance on this task. The main focus has
been to effectively model the semantic content, layout position and visual features of the
documents, that has usually been tackled by proposing different pre-training tasks with
increasing amount of data. Even though there is also the promising set of OCR-free
methods that are capable to recover from inaccurately recognized text. The LLMs are
again the ones who achieve the best performance.

After the introduction of this work, which pioneered VQA on documents, numerous other
studies have utilized the dataset to enhance performance on this task. The primary chal-
lenge lies in effectively modeling the semantic content, layout position, and visual fea-
tures of the documents. Researchers have addressed this challenge by proposing various
pre-training tasks, often with increasing amounts of data. Additionally, there is a promis-
ing set of OCR-free methods capable of recovering from inaccurately recognized text.
Notably, Large Language Models (LLMs) have consistently achieved the best perfor-
mance in this context
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Chapter 6

Visual Question Answering on
Infographic Images

Infographics communicate information using a combination of textual, graphical and
visual elements. In this chapter, we explore the automatic understanding of info-
graphic images by using Visual Question Answering. To this end, we present Info-
graphicsVQA, a new dataset comprising a diverse collection of infographic images
and question-answer annotations. The questions require methods to jointly reason
over the document layout, textual content, graphical elements, and data visualiza-
tions. We create the dataset with an emphasis on questions that require elementary
reasoning and basic arithmetic skills, and not all the questions are purely extractive.
Furthermore, we evaluate two Transformer-based strong baselines that achieve unsat-
isfactory results compared to near perfect human performance on the dataset. The
results suggest that VQA on infographic images, which are designed to communi-
cate information quickly and clearly to the human brain, are ideal for benchmarking
machine understanding of complex document images.

75
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6.1 Introduction

Infographics are documents created to convey information in a compact manner using a
combination of textual and visual cues. The presence of the text, numbers and symbols,
along with the semantics that arise from their relative placements, make infographics un-
derstanding a challenging problem. Motivated by the multimodal nature of infographics
and their human centered design, we propose a Visual Question Answering approach to
infographics understanding as a mean to achieve better comprehension of documents with
multimodal content. Thus, achieving comprehensive document image understanding in
this domain is essential to answer questions such as the ones depicted in Figure 6.1, re-
quiring the methods to jointly reason over the document layout, textual content, graphical
elements, data visualizations, color schemes and visual art, among others.

Q: How many companies have more than 10K delivery workers?
Answer: 2 Answer evidence: Figure
Answer span: Non-extractive Operation: Counting, Comparison

Q: Who has better coverage in Toronto - Canada post or Amazon?
Answer: canada post Answer evidence: Text
Answer span: Question-span Operation: None

Q: In which cities did Canada Post get maximum media coverage?
Answer: Vancouver, Montreal Answer evidence: Text, Map
Answer span: Multi-span Operation: None

Figure 6.1: Example image from InfographicsVQA along with questions and answers.
For each question, span of the answer, type of evidence the answer is grounded on, and the
discrete operations required to find the answer are shown.
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Even though VQA has received significant attention over the past few years [5, 57, 60, 76,
96, 233], with several new VQA branches focusing on images with text, such as answering
questions in business documents in chapter 5, text books [97], charts [26, 90, 91] and
screenshots of web pages in VisualMRC [198]. Infographic images are unique in their
combined use and purposeful arrangement of visual and textual elements. In Table 6.1 we
show a summary of the latest VQA datasets and their main characteristics.

Dataset Images
Synthetic Template Text

# Images # Questions Answer type
Images questions type

TQA [97] Science diagrams ✗ ✗ MR 1K 26K MCQ
RecipeQA [229] Culinary pictures ✗ ✓ MR 251K 37K MCQ
ST-VQA [18] Natural images ✗ ✗ ST 23K 31K Ex
TextVQA [191] Natural images ✗ ✗ ST 28K 45K Ex, SAb
OCR-VQA [150] Book covers ✗ ✓ BD 207K 1M Ex, Y/N
DVQA [90] Bar charts ✓ ✓ BD 300K 3.4M Ex, Nm, Y/N
FigureQA [91] Charts - 5 types ✓ ✓ BD 120K 1.5M Y/N
LEAF-QA [26] Charts - 4 types ✓ ✓ BD 250K 2M Ex, Nm, Y/N
VisualMRC [198] Webpage screenshots ✗ ✗ BD 10K 30K Ab

SP-DocVQA [143] Industry documents ✗ ✗
Pr, Tw,
Hw, BD 12K 50K Ex

InfographicsVQA Infographics ✗ ✗ BD 5.4K 30K Ex, Nm

Table 6.1: Summary of VQA and Multimodal QA datasets where the text in the images
is required to answer the questions. Text type abbreviations: Machine Readable (MR),
Born Digital (BD), Scene Text (ST), Printed (Pr), Typewritten (Tw) and Handwritten (Hw).
Answer type abbreviations: Multiple Choice Question (MCQ), Extractive (Ex), Short
abstractive (SAb), Abstractive (Ab), Yes/No (Y/N), and Numerical - answer is numerical
and not extracted from the image or question but derived from it (Nm).

In this chapter, we present InfographicsVQA, a new dataset for VQA on infographic
images that includes 30,035 questions across 5,485 infographic images. The dataset con-
tains questions grounded on tables, figures, and visualizations, along with questions that
need multiple cues to answer. Moreover, as many infographics typically contain numeri-
cal data, the dataset also includes questions that require elementary reasoning skills such
as counting, comparing numerical values, and arithmetic skills. However, in contrast to
VisualMRC, the most similar dataset in terms of image and question types, Infograph-
icsVQA is an extractive VQA task, except for questions that require certain discrete op-
erations resulting in numerical non-extractive answers (section 6.2.2). With this dataset,
it is possible to benchmark the advancement of algorithms at the intersection of vision,
language, and document comprehension. We show an example of the InfographicsVQA
dataset in Figure 6.1.

In addition, we leverage previous baselines used in SP-DocVQA BERT [42], and M4C [71],
to show the performance difference between both datasets. And also fine-tune and adapt
LayoutLM [228], a layout-aware document understanding method specifically designed
for document understanding tasks, which we fine-tune for VQA on InfographicsVQA.
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6.2 InfographicsVQA Dataset

6.2.1 Dataset creation

Infographic Images: Infographic images were crawled from the Internet by using the
search query “infographics” on the Google and Bing image search engines. First, we
removed duplicate images using a Perceptual Hashing approach implemented in imaged-
edup library [82], and then, the annotation team described below filtered out undesired
images by removing illegible or non-english images, non-infographic images or images
without rich information and visual aspects.

Questions and Answers: The annotation process of questions and answers was carried
out by a small number of trained annotators using an internal annotation tool. This strat-
egy enabled us to control the quality of the questions, provide ongoing training for the
annotation team, and shift the focus to different types of questions as needed. The anno-
tation process consisted of two stages similar to the SP-DocVQA annotation process. In
the first stage, workers were required to flag undesired images that were removed from
the annotation platform, and then asked to write question-answer pairs based on the info-
graphic images. In the second stage, they were instructed to answer the questions or flag
them if they were unanswerable. Since the annotation was performed by the small anno-
tation team, few question-answer pairs were considered wrong or ambiguous and hence,
were discarded without the need of a third stage. At the end, the dataset was split into
train, validation and test by 80% - 10% - 10% of the questions respectively.

6.2.2 Question-answer types

During the second annotation stage, in addition to answering the questions collected dur-
ing the first stage, the annotators were instructed to add question-answer types (QA types)
to better analyze and interpret the performance of different methods. In InfographicsVQA
we collected the QA types from three different perspectives: Answer span, Answer evi-
dence and Operations performed.

The Answer span source is defined based on where the answer can be found in the im-
age, following the definition of ‘span’ in SQuAD [167] and SP-DocVQA. There are four
types of answer-spans: Single-span, Multi-span, Question-span, and Non-extractive. A
question-answer pair is considered as single-span if it corresponds to a single sequence
of text tokens extracted verbatim from the image in the reading order. If the answer is
composed of more than one span, is then tagged as multi-span. For example, in the last
question of Figure 6.1, the answer is the name of two cities, which do not appear in a
contiguous sequence of text. Therefore, it is considered as a multi-span answer. For
multi-span answers, any order of the individual spans is considered a valid answer. In
the previous example, both “Vancouver, Montreal” and “Montreal, Vancouver” are valid
answers. Since such answers are unordered lists, we consider all permutations of the list
as valid answers for the question at evaluation time. In addition, to increase the variabil-



79 Visual Question Answering on Infographic Images

ity of the questions, the annotators were also instructed to create multi-choice questions
which are tagged as question-span. In this case, the answer to these questions is always
provided within the question along with some distractors, like in the second question of
Figure 6.1 or questions in Figures 6.10 and 6.13. Finally, the Non-extractive type is as-
signed when the answer is not text explicitly present in the image, and consequently, the
answer must be generated. However, to limit the vast amount of language variability that
can be considered correct for a given question, non-extractive questions were only allowed
for numerical value answers such as the first question in Figure 6.1 and Figure 6.12.

The inclusion of multi-span, question-span, and numerical non-extractive answers in In-
fographicsVQA is a natural step in VQA involving text towards more complex visual
question answering task different from the purely extractive setting in previous datasets
ST-VQA and SP-DocVQA, while keeps a limited amount of possible correct answers in
contrast to abstractive question answering in VisualMRC, where automated evaluation is
difficult. As shown in section 6.4.2, near perfect human performance using automatic
evaluation metrics (Table 6.3) validates that answers in InfographicsVQA are unique with
limited variability when answered by different individuals.

The Evidence type indicates the kind of information in the document that is necessary
to understand to answer the question. There are five types of evidences: Text, Figure,
Table/List, Map and Visual/Layout. Map is used when the question is based on data
shown on a geographical map, and Visual/Layout type is used when the evidence is based
on the visual or layout aspect of the image. For example, questions such as “What is the
color representing Canada Post in Figure 6.1, or “What is written in the top left corner?”.

Lastly, the Operation type captures the kind of discrete operation(s) required to infer
the answer such as Counting, Arithmetic operations or Comparing numerical values. Al-
though for most of the questions no further operation is required.

Figure 6.2 shows the distribution of questions based on their types. As evidenced in Fig-
ure 6.1, a question can have multiple answer sources, evidences, or operations, and many
questions do not require any of the specified discrete operations to find the answer. For
this reason, the total amount of questions in plots add up more than 100%.
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Figure 6.2: Percentage of questions in validation and test set by their Answer span source
(6.2a), Evidence required to answer (6.2b) and the discrete Operation necessary to find the
answer (6.2c).
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6.2.3 Summary, statistics, and analysis

The InfographicsVQA dataset comprises 30,035 questions posed over 5,485 images col-
lected from 2,594 different web domains. In in Table 6.2 we show basic statistics of
questions, answers and OCR tokens in InfographicsVQA and other similar datasets and
discuss it in the following section.

Dataset
Questions Answers Avg. Tokens Avg. Image Avg. Aspect

%Unique Avg. len %Unique Avg. len per image size (MP) ratio

ST-VQA 84.84 8.80 65.63 1.56 7.52 0.35 1.43
TextVQA 80.36 8.12 51.74 1.51 12.17 0.77 1.41
VisualMRC 96.26 10.55 91.82 9.55 151.46 13.08 4.77
SP-DocVQA 72.34 9.49 64.29 2.43 182.75 3.91 1.35
InfographicsVQA 99.11 11.54 48.84 1.60 217.89 3.64 2.78

Table 6.2: Statistics of questions, answers and average tokens per image in Infograph-
icsVQA and other scene text and document VQA datasets.

Questions: InfographicsVQA has the highest percentage of unique questions and the
highest average question length compared to similar datasets. Moreover, the sunburst in
Figure 6.3 displaying the first 4 words of the questions, shows that many questions inquire
for quantities, specifically asking “How many” items or percentages. This is expected
since infographic images often contain a significant amount of numerical data.

Figure 6.3: Staring 4-grams of questions in InfographicsVQA.
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Answers: The percentage of questions having unique answers in InfographicsVQA is
the lowest (48.84%), with the shortest average answer length (1.60) compared to other
document datasets like VisualMRC (9.55) and SP-DocVQA (2.49), and slightly longer
than scene-text datasets ST-VQA (1.56) and TextVQA (1.51). This is expected since a lot
of answers are numerical, as evidenced by the word cloud of answers in Figure 6.4 (left).

Figure 6.4: Word clouds of answers (left) and recognized words from images (right).

Embedded text: On average, infographic images contain more text instances (217.89)
than the rest of the datasets. One cause is the dataset image sizes, which being bigger,
they can fit more text and information. Moreover, in contrast to VisualMRC screenshots,
infographic images don’t contain big areas without content. The word cloud of the recog-
nized OCR text from the images shown in Figure 6.4 (right) strongly correlates with the
most common answers words.

Complex layouts: One of the main characteristics of infographic images is their varied
sizes and aspect ratios (very long but thin images) as shown in Figure 6.5. Although the
average image size in InfographicsVQA is smaller than in SP-DocVQA and VisualMRC,
the variability among different images will challenge the methods to adapt to different
sizes. In addition, resizing might not be a proper solution given that the image aspect
ratio, surpassed only by VisualMRC webpage screenshots, may cause the image to be
distorted or the text to become unreadable.

(a) Image sizes (b) Image aspect ratios

Figure 6.5: Distribution, mean and standard deviation of the image sizes and aspect ratios
of InfographicsVQA and other similar VQA datasets.
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6.3 Baselines

In this section, we describe the baselines employed to evaluate the InfographicsVQA.
These include heuristic baselines, upper bounds, and SoTA models for VQA and docu-
ment image understanding.

6.3.1 Heuristic baselines and upper bounds

Heuristic baselines and upper bounds we evaluate are similar to the ones evaluated in
previous SP-DocVQA.

Heuristic Baselines:
• Random answer: Performance when a random answer is picked from the available

answers in the training set.
• Random OCR token: performance when a random OCR token from the given

infographic image is selected as the answer.
• Longest OCR token and Biggest OCR Token: Measures the performance when

the longest OCR token in terms of amount of characters, and the OCR token with
the bounding box with the largest area are selected as answers.

We also provide the following upper bounds:

• Vocab UB: Performance upper bound on predicting the correct answer if the answer
is present in the vocabulary composed of the most common answers in training set.

• OCR subsequence UB: Upper bound of predicting the correct answer from the
subsequence of the image OCR tokens’. Therefore, the OCR tokens must be in the
same exact order as the answer.

• OCR substring UB: Upper bound of predicting the correct answer from any com-
bination of the recognized OCR tokens.

• Vocab + OCR substring UB: Combines the percentage of questions that are either
in Vocab UB or OCR UB.

• Human performance: We collect the answers for all the questions in the test set
with the help of few volunteers from our institution. Similar to the instructions
given to the remote workers who annotated the dataset, we asked the volunteers to
enter the answer extracted verbatim from the document text.
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6.3.2 VQA Models

We employ previous VQA models BERT [42] and M4C [71] used in SP-DocVQA by
fine-tuning and evaluate them on InfographicsVQA. This, not only allows to assess the
performance of such methods on the new dataset, but also highlights the differences be-
tween the two datasets.

Figure 6.6: Overview of our LayoutLM based model for predicting answer spans. Textual,
visual and layout modalities are embedded and mapped to the same space. Then, they are
added and passed as input to a stack of Transformer layers.

Moreover, we also adapt LayoutLM [228], which proved to be effective for multiple
document image understanding tasks [62, 73, 83] achieving state-of-the-art results at the
time of this work, by extending BERT with layout information and visual features. In
LayoutLM the input sequence starts with a special [CLS] token, followed by the question
and OCR tokens. Between the question and OCR tokens a special [SEP] token is placed,
which is further used at the end of the sequence to indicate its end. All the tokens in the
input sequence are represented by its corresponding embedding which is the sum of i) a
token embedding, ii) a segment embedding, iii) a 1D position embedding, iv) Four 2D
position embeddings, and v) a visual embedding.

• Token embeddings: The token embeddings are the main core of LayoutLM, repre-
senting the semantic of the word. Following the original setting in BERT, the token
embeddings, are represented with a 30,000 size vocabulary WordPiece [224] with
hidden size of 768.

• Segment embedding: It is used to represent different segments or token sources in
the input sequence. Consequently, the segment IDs representing the question and
the OCR tokens are set to 0 and 1 respectively.

• 1D position embedding: Is used to indicate the order of the tokens within the se-
quence. For the OCR tokens, we use the default reading order by concatenating
them in top-left to bottom-right order.
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• 2D position embedding: Are used to represent the position of the token within
the image. Given the bounding box coordinates (x1, y1, x2, y2) of the OCR token,
we embed all the 4 coordinate values using 4 separate embedding layers. x1 and x2

share same embedding table and y1 and y2 share another common embedding table.
The coordinate values are normalized to lie in the range 0–1000 before embedding.
The 2D embedding of the [CLS] token covers the whole image by setting it to
(0,0,1000,1000), while for the question tokens all the four 2D position embeddings
are set to 0.

• Visual embedding: Unlike in original LayoutLM where visual features are fused
after getting the attended embeddings from the Transformer block, we fuse the
visual features early with the text input. Therefore, for each OCR token, we use
the ROI pooled features from the Box Head of a pretrained object detection model.
This feature vector is projected to 768 to match the size of the other embeddings
and then, add up with the rest of the embeddings. For the [CLS] and other special
tokens, we add the visual features corresponding to a ROI covering the entire image,
named as “Full Img” in Figure 6.6.

Since LayoutLM is an extension of BERT, it is an extractive method which predicts the
answer as a span within the provided context. Consequently, it can only answer questions
whose answer span source is Single-span or Question-span, which represent nearly 70%
of the questions. Extending this model to include questions with other Answer-sources
like the fixed vocabulary of M4C, is an interesting direction for future work. A scheme of
the LayoutLM-based model used for InfographicsVQA is shown in Figure 6.6.

Similar to the BERT and original LayoutLM, we train the model in two stages. First,
we pre-train LayoutLM with the original Masked Visual-Language Model (MVLM) task
using a masking probability of 0.15. Whenever masking, we replace each token with
the [MASK] token 80% of the times, with a random token 10% of the times and keep it
unchanged 10% of the times. Then, we fine-tune the model using the language head to
predict the start and end token positions of the answer span.
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6.4 Experiments

6.4.1 Experimental setup

In all the experiments, we use the text transcriptions and bounding boxes of the text tokens
in the images extracted by the commercial OCR Amazon Textract [4]. For the heuristics,
upper bounds, and VQA models we use a fixed vocabulary of the 5,000 most frequent
answers in the train split. To evaluate the method’s performance, we use the ANLS intro-
duced in section 3.2.4, and provide the Accuracy for better interpretation of the results.

In our experiments, for both M4C and LayoutLM models, we compare two different pre-
trained object detection models for visual feature extraction: Faster-RCNN [171] trained
on Visual Genome [104] (VG) and a Mask-RCNN [64] trained on document images in
PubLayNet [244] for Document Layout Analysis (DLA). The Faster-RCNN model fol-
lows the original implementation provided in MMF framework [188] previously used in
SP-DocVQA. The DLA detector is from the publicly available Detectron2 [225]-based
implementation [68]. Features from the last Fully Connected (FC) layer of the Box head
are used as visual features in M4C and LayoutLM models. In VG and DLA, these features
are of size 2048 and 1024 respectively.

For the BERT and M4C methods, we use the official implementation of the BERT [143]
and M4C models [188] previously employed in SP-DocVQA during Chapter 5. The
fixed vocabulary of M4C is created from the 5,000 most common answer words in the
train split. For LayoutLM, we start from the pretrained checkpoint made available by the
authors in Hugginface’s Transformers [223], and the newly introduced linear projection
layer, which maps the ROI pooled features to the common embedding size of 768, is
initialized from scratch. Then, we pre-train the model on the Masked Visual-Language
Model task on the train split of InfographicsVQA for 5 epochs, and finally fine-tune in
VQA for another 10 epochs. To model the answers as spans within the context, we take the
first subsequence match of the answer in the serialized transcription as the corresponding
answer span.
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6.4.2 Results

Results of heuristic baselines, upper bounds, and human performance are shown in Ta-
ble 6.3. Following the same conclusions as in SP-DocVQA, none of the heuristic base-
lines is capable to correctly answer even 1% of the questions. On the other hand, the
vocabulary upper bound allows to answer 20% more answers in InfographicsVQA than
in SP-DocVQA (Table 5.1), because InfographicsVQA dataset comprises less unique an-
swers as shown in Table 6.2. On the other hand, the upper bound provided by the OCR
subsequence is 20% lower in InfographicsVQA, which is explained due to the amount of
multi-span and non-extractive answers, and the inherent complex layout of infographic
images that results in the serialization of the OCR tokens suboptimal for an extractive
method. Moreover, the OCR substring UB shows a similar performance drop compared
to SP-DocVQA due to the difficulty of OCR to recognize text printed with unique fonts
and styles used in infographic images. When the Vocabulary and the OCR substring
Upper Bounds are combined, it is possible to answer nearly 75% of the questions. Inter-
estingly, even though there is a significant performance drop of the upper bounds and the
VQA methods results described below between the SP-DocVQA and InfographicsVQA
datasets, the human study on both datasets achieved similar results, suggesting that this
task is not harder for humans.

Val Test
Baseline ANLS Acc ANLS Acc

Random answer 0.006 0.00 0.005 0.00
Random OCR token 0.011 0.29 0.014 0.49
Longest OCR token 0.003 0.11 0.006 0.18
Biggest OCR token 0.009 0.25 0.009 0.21

Vocab UB - 53.16 - 51.34
OCR subsequence UB - 53.95 - 56.96
OCR substring UB - 61.58 - 63.96
Vocab + OCR UB - 76.71 - 77.40
Human performance - - 0.980 95.70

Table 6.3: Results of heuristics and upper bounds. Heuristics yield near zero results. More
than 75% of the questions have their answer present either in a fixed vocabulary or as a
Single-span of the OCR tokens serialized in default reading order.
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The results using the M4C model in Table 6.4 shows an overall poor performance. Fine-
tuning the visual features’ extractor does not affect the method performance, while the
best strategy to integrate the visual features is to use a single ROI covering the whole
image denoted as ‘Full Img’, regardless of using VG or DLA. Moreover, due to the high
amount of text instances in the image, using only 50 OCR tokens from the image as in
the original implementation is not enough, and the performance increases along with the
size of the dynamic vocabulary. Finally, note that the M4C best performance is around
20 accuracy points less than in SP-DocVQA, demonstrating the increased difficulty of the
task even for multimodal VQA methods.

Visual Fine-tune Object OCR Val Test
Features detector Features Tokens ANLS Acc ANLS Acc

VG ✓ 100 50 0.107 4.81 0.119 4.87
VG ✓ 20 50 0.111 4.82 0.122 4.87
VG ✗ 20 50 0.125 4.89 0.127 4.89
VG ✗ 20 300 0.128 4.90 0.134 5.08
VG ✗ None 300 0.136 5.86 0.143 6.58
VG ✗ (1) Full Img 300 0.142 5.93 0.147 6.64

DLA ✗ 20 50 0.110 4.86 0.130 5.02
DLA ✗ 20 300 0.132 5.95 0.144 6.50
DLA ✗ None 300 0.140 5.90 0.142 6.39
DLA ✗ (1) Full Img 300 0.138 5.97 0.140 6.42

Table 6.4: Performance of M4C. The original setting corresponds to the first row. ‘Fine-
tune detector’ denotes if the last FC layer is fine-tuned along with the M4C model, which is
the default setting in M4C. Object features column shows the amount of maximum objects
(bottom-up features) used, using no object (‘None’) or using features from only one RoI
corresponding to a box covering the entire image (‘Full Img’).

Results obtained with BERT reported in Table 6.5 show that strong language models
can surpass VQA methods like M4C that considers layout position and visual features
in complex images such as infographics. This is because the inherent world knowledge
achieved by BERT during the pretraining stage can help to identify named entities, values,
or dates. Moreover, it can guess some answers like the one in Figure 6.8 (center), where it
is not necessary to look at the image to know that Oceania is the least populated continent.
It is important to notice the performance drop of 0.460 in ANLS scored by BERT from
0.665 in SP-DocVQA (Table 5.3) to 0.205 in InfographicsVQA, which suggests that 2-D
position and visual features are much more relevant in infographic images than in industry
documents.

In-domain Val Test
pretraining ANLS Acc. ANLS Acc.

✗ 0.118 5.46 0.130 5.78
✓ 0.203 12.14 0.205 12.26

Table 6.5: Performance of BERT and effect of extending the MLM pretraining task.
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Results obtained with LayoutLM based model are shown in Table 6.6. In-domain pre-
training helps the model significantly. Which is inline with the results of BERT and the
observation by Singh et al. that pretraining on data similar to the data for a downstream
task is highly beneficial in visio-linguistic tasks [189]. The best strategy to use the image
features it to embed the ‘Full Img’ features from DLA, adding them to the CLS token,
and using the visual features of each of the OCR bounding boxes. However, the use of
visual features is in question due to the limited contribution to the overall performance.
Indeed, the best accuracy in the test set is achieved by the LayoutLM setup using no visual
features. This suggests that the iconographic domain of infographics is not well aligned
neither with real scenes from Visual Genome nor classic documents from PublayNet.

Full Img Visual In-domain OCR Val Test
to feature pretraining visual ANLS Acc. ANLS Acc.

- - ✗ ✗ 0.212 13.40 0.225 15.32
- - ✓ ✗ 0.250 18.14 0.272 19.74
CLS DLA ✓ ✗ 0.256 18.56 0.261 19.16
CLS DLA ✓ ✓ 0.263 18.62 0.281 19.59
Non-OCR DLA ✓ ✓ 0.245 17.21 0.263 18.37
CLS VG ✓ ✗ 0.229 16.47 0.235 16.51
CLS VG ✓ ✓ 0.118 16.71 0.115 16.94
Non-OCR VG ✓ ✓ 0.042 1.75 0.037 1.28

Table 6.6: Performance of LayoutLM with different input settings. Row 1 and 2 show
LayoutLM’s performance with and without in-domain pretraining. ‘Visual Feature’ column
specify the kind of detector used for visual feature. ‘OCR visual’ indicate whether visual
features of the OCR tokens are used or not. ‘CLS’ and ‘Non-OCR’ in ‘Full Img to’ column
represent where the Full Image features are added: only to the CLS token or to all non OCR
tokens (CLS, SEP and question tokens) respectively.

In Figure 6.7, we show the performance of the upper bounds, baselines and VQA meth-
ods per question types. The M4C and LayoutLM models used for this comparison are
the variants that give the best ANLS on the test set. The most noticeable result is the low
performance of all methods on the multi-span type of questions. M4C shows a consistent
poor performance across all the categories, while LayoutLM performs better when the
answer is purely extracted from single-spans of the text, and performs worse specially
for questions that require to reason about visual components or maps, or requires per-
forming any arithmetic operation. We also show qualitative results from the experiments
in Figures 6.8 to 6.14.
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Figure 6.7: Performance of baselines for different QA types.

Q: What is the interest rate of Eu-
ropean Central Bank and US FED?

Q: Which is the least populated
continent in the world?

Q: What percentage of workers are
not working from home?

GT: 0.25% GT: Oceania GT: 23%

M4C: 0.1% M4C: Oceania M4C: 66%

BERT: 0.1% BERT: Oceania BERT: 77%

LayoutLM: 0.25% LayoutLM: EU LayoutLM: 77%

Human: 0.25% Human: Oceania Human: 23%

Figure 6.8: The left question evidence is Table/List, which only LayoutLM answers cor-
rectly. In the second question where evidence is a Table/List and it is required to compare
different values, M4C answers correctly. BERT can also provide the correct answer, al-
though it might be due to prior learned bias, since BERT can’t capture the 2D position or
color of the elements in the image. The last question requires to subtract 77 from 100,
which none of the methods gets the answer correctly. For better visualization, images we
show here are relevant regions cropped from the original infographics.
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Q: What percent of researchers in Chile were men in the duration of 2011-15?
GT: [84%, 84] Answer span: Single span
M4C: 23% Answer evidence: Map
BERT: 23% Operation: None
LayoutLM: 23%

Human: 84%

Figure 6.9: Color and geographic information requirements: To answer the depicted ques-
tion, models need to understand that the green color corresponds to men, and then pick
the number corresponding of the pie chart for Chile, but all baseline models answer the
question wrong. Note that here there are two valid answers (GT) to account for language
variability.
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Q: Which quadrant does the country India fall into, blue, pink, or gray?
GT: pink Answer span: Question span
M4C: pink Answer evidence: Figure, Visual/Layout
BERT: economic activity Operation: None
LayoutLM: country
Human: pink

Figure 6.10: The answer is a color name given as a multiple choice option in the question.
To answer this question, the model needs to first locate “India” on the image and then
identify the background color there. The multimodal aligned features of M4C allows it
to correctly answer this question. In contrast, there is no text with ‘pink’ or any other
color that extractive LayoutLM or BERT can use as answers and consequently, they output
related concepts with India.
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Q: Which are the top 2 best selling non violent video games of all time?
GT: super mario brothers, pokemon Answer span: Multi-span
M4C: instagram youth Answer evidence: Table/List
BERT: super mario brothers Operation: Comparison
LayoutLM: super mario brothers
Human: pokemon, super mario brothers

Figure 6.11: The Multi-span answer type represent answers formed by multiple spans. In
this example, the question requires finding the top 2 items within a category, which can
only be answered if we allow answers containing multiple spans. Due to the extractive
nature of the proposed LayoutLM-based model, it can only provide a part of the answer.
Note that the permutations within the GT items scores perfect the answer provided in the
human study.
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Q: How many championships has Kobe Bryant won?
GT: 5 Answer span: Non-extractive
M4C: 3 Answer evidence: Figure
BERT: 2 Operation: Counting
LayoutLM: 5
Human: 5

Figure 6.12: Counting symbols/markers to find an answer: To answer this questions, the
models need to count the number of yellow squares next to "CHAMPIONSHIPS". Since
the answer is the result of a numerical operation, the non-extractive answer is allowed.
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Q: Which drug was used more frequently during lockdown, MDMA,
Cocaine, Cannabis, or Amphetamines?
GT: cannabis Answer span: Question, Single
M4C: cocaine Answer evidence: Figure
BERT: cannabis Operation: Comparison
LayoutLM: cannabis
Human: cannabis

Figure 6.13: Comparing values shown in a bar chart: In this example, the answer is a span
of the question (Question-span) and a span of the text on the image (Single-span) as well.
To get the answer, it is necessary to compare the values of all the bars in the “Used more
frequently” section. Hence, the operation to answer the question is tagged as ‘Comparison’.
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Q: Playing against which country did he reach the most number of his milestone runs?
GT: sri lanka Answer span: Single span
M4C: pakistan Answer evidence: Figure
BERT: bangladesh Operation: Arithmetic, Comparison
LayoutLM: bangladesh
Human: sri lanka

Figure 6.14: The context required to answer this question is spread along the entire image.
The question requires the models to sum (Arithmetic) the number of milestone runs scored
against each country, and then compare (Comparison) what is the opponent country to
which the player has scored the most runs.
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6.5 Evolution of VQA on Infographic Images

Since the release of the InfographicsVQA dataset, some researchers have used it to pre-
train, train and/or fine-tune their methods on it. The dataset has also been used to evaluate
the performance of some methods both in the standard or zero-shot settings. In total,
we have received in the online evaluation platform more than 542 submissions from 31
different teams, out of which 30 methods have been made public. However, the specific
field of infographic images has not received as much attention as the previous datasets.
Most of the methods evaluated on the InfographicsVQA dataset are adapted methods
employed for SP-DocVQA.
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Figure 6.15: Evolution of method’s performance in InfographicsVQA dataset.

The competition winner on InfographicsVQA was TILT, described earlier in section 5.5.
Their main contribution on this dataset was to pretrain on a larger set of infographic
images crawled on the Internet, by masking and reconstructing the words. The use of a
U-Net [173] to extract visual features helped the model to better contextualize the words
with the image icons, while the generative decoder allowed the model to predict answers
out of the recognized words or vocabulary.

OCR-Free methods Donut [100] or Pix2Struct [112] have used the InfographicsVQA.
However, they show similar performance gap as in SP-DocVQA, obtaining significantly
worse results than methods using pre-extracted OCR. Finally, GPT-4 [156] has prevailed
over the rest of the methods, achieving state-of-the-art results in zero-shot setting.
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6.6 Conclusion

In this chapter, we have introduced the task of VQA on infographic images, creating
the InfographicsVQA dataset and evaluating state-of-the-art methods on this novel task.
While the result of the human study is similar to the achieved in SP-DocVQA, the results
obtained using the strong baselines show that current state-of-the-art models for similar
tasks perform poorly on the new dataset, which highlights the importance of correctly
integrating the visual features to fully comprehend infographic images, and the need to
create not only better VQA models that integrates all different modalities, but also devis-
ing improved feature extractors tailored specifically for processing infographic images.
This has been latter approached by extending multimodal pretraining tasks by methods
like TILT or GPT4, in which the domain-specific and vast amount of data used by each
method respectively, helped both methods to better extract infographic image features,
and integrate them with the rest of the cues.
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Part III

Document collections and
multipage documents
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Chapter 7

Visual Question Answering on
Document Collections

Tasks and methods in Document Understanding aims to process documents as sin-
gle elements. However, documents are usually organized in collections (historical
records, purchase invoices), that provide context useful for their interpretation. To
address this problem, we introduce Document Collection Visual Question Answering
(DocCVQA), a new dataset and related task where questions are posed over a whole
collection of document images and the goal is not only to provide the answer to the
given question, but also to retrieve the set of documents that contain the information
required to infer the answer. Along with the dataset, we propose a new evaluation
metric and baselines which provide further insights to the new dataset and task.

101
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7.1 Introduction

Even though there has been a strong research effort on improving the machine understand-
ing of documents, the research field of Document Analysis and Recognition (DAR) has
focused on processing single page documents as in tasks like recognizing text from office
documents [77], tables and forms [36], mathematical expressions [151] and visual infor-
mation from figures and graphics [185]. Instead, the research on document collections has
been limited to document retrieval by lexical content in word spotting [139, 168], blind
to the semantics and ignoring the task of extracting higher level information from those
collections.

On the other hand, over the past few years VQA has become one of the major relevant
tasks as a link between vision and language. Moreover, although the ST-VQA dataset
proposed in Chapter 3 start considering the text in the images in VQA, requiring the
methods to reason about the recognized text to answer the questions, and the SP-DocVQA
dataset proposed in Chapter 5 brought the task to industry documents, none of those works
consider the image collection perspective, neither from real scenes nor documents.

In this chapter, we present Document Collection Visual Question Answering (DocCVQA)
as a step towards better understanding document collections and going beyond word spot-
ting. The objective of DocCVQA is to extract information from a document image collec-
tion by asking questions and expecting the methods to provide the answers. Moreover, to
ensure that the answers have been inferred from the documents containing the necessary
information and not from any prior learned bias, the methods are required to also provide
the IDs of the documents used to obtain the answer as their evidence. Hence, we design
this task as a retrieval-answering task, for which the methods should be trained initially
on other datasets and consequently, we pose only a set of 20 questions over this document
collection. In contrast to previous works, DocCVQA provides a purpose-driven approach
and a collection wise point of view to Document Analysis and Understanding, posing new
challenges and opening the door to bring new applications to industry. In addition, most
of the answers in this task are actually a set of words extracted from different documents
for which the order is not relevant, as we show in the question example in Figure 7.1.
As a consequence, we define a new evaluation metric based on the Average Normalized
Levenshtein Similarity (ANLS) to evaluate the answering performance of the methods in
this task. Finally, we propose two baseline methods from different perspectives, which
provide some insights on this task and dataset.
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7.2 DocCVQA Dataset

In this section we describe the process to collect the images, questions and answers, show
an analysis of the collected data, and describe the metrics used for the evaluation of the
proposed task.

Question: In which years did Anna M. Rivers run for the State senator office?
Answer: [2016, 2020]
Evidence: [454, 10901]

Figure 7.1: Partial visualization of sample documents in DocCVQA. The left document
corresponds to the document with ID 454, which is one of the relevant documents to answer
the question below. In DocCVQA the evidences are the documents where the information
to answer the question is found. In this example, the correct answer are the years 2016
and 2020, and the evidences are the document images with IDs 454 and 10901 which
corresponds to the forms where Anna M. Rivers presented as a candidate for the State
senator office.

7.2.1 Dataset creation

Images: The DocCVQA dataset comprises 14,362 document images sourced from the
Open Data portal of the Public Disclosure Commission (PDC), an agency that aims to
provide public access to information about the funding of political campaigns, lobbyist
expenditures, and the financial affairs of public officials and candidates. We choose this
source for various reasons. It’s a live repository that is updated periodically and therefore,
the dataset can be increased in size in the future if necessary. In addition, performing
VQA on this collection of documents can replicate a hypothetical realistic information
extraction application among a set of scanned documents, by searching specific infor-
mation of a candidate or party. Moreover, along with the documents, they provide their
transcriptions in the form of CSV files, which allows to create questions and get their
answers without the costly process of annotation. From the original collection of docu-
ment images, we removed all the multipage documents and those which had incomplete
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or ambiguous transcriptions. Thus, all documents that were finally included in the dataset
consist of the same document template, the US Candidate Registration form, with slight
design differences due to changes over the time. However, these documents still pose
some challenges since the proposed methods will need to understand its complex layout,
handwritten and typewritten text, while dealing with such large collection of documents.
We provide some document examples in Figure 7.1.

Questions and Answers: To create the questions and answers, we identified the most
relevant fields in the document form in terms of complexity (numbers, dates, candidate’s
names, checkboxes and different form field layouts) and variability, listed in Table 7.1.
We also defined different types of constraints (not, and, or...) since limiting the questions
to find a specific value would place this in a standard word spotting scenario. Thus, we
defined different conditions depending on the type of field required by the question: ques-
tions framed on date fields ask for documents before, after and between specific dates or
years. For other textual fields, questions ask for documents with specific values (candi-
dates from party P1), for documents that do not contain specific values (candidates which
do not represent the party P1), or documents that contain a value from a set of possibilities
(candidates from parties P1, P2 or P3). For checkboxes, we defined constraints regarding
if a value is checked or not. Finally, according to the fields and constraints defined, the
questions were posed in natural language referring to the whole collection, and asking for
particular values instead of the document itself. Considering that DocCVQA is set up as a
retrieval-answering task and documents are relatively similar among them, we pose only
a set of 20 natural language questions over the collection which we manually inspect en-
suring the correctness of the question-answer pairs, since some records of the document
transcriptions provided are wrong. Finally, the questions were divided into two different
splits; the sample set with 8 questions, and the test set with the remaining 12, which are
shown in Table 7.2. Moreover, we ensured that in the test set there are questions asking
for fields or containing constraints not present in the sample set. In addition, as depicted
in Figure 7.2 the number of relevant documents is quite variable among the questions,
which poses another challenge that methods will have to deal with.

Field Type # Values # Unique values

Candidate name Text 14362 9309
Party Text 14161 10
Office Text 14362 43
Candidate city Text 14361 476
Candidate county Text 14343 39
Election date Date 14362 27
Reporting option Checkbox 14357 2
Treasurer name Text 14362 10197

Table 7.1: Documents form fields with an analysis of their variability, showing the number
of absolute and unique values in the annotations.
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ID Question

8 Which candidates in 2008 were from the Republican party?

9 Which candidates ran for the State Representative office between 06/01/2012 and
12/31/2012?

10 In which legislative counties did Gary L. Schoessler run for County Commissioner?

11 For which candidates was Danielle Westbrook the treasurer?

12 Which candidates ran for election in North Bonneville who were from neither the
Republican nor Democrat parties?

13 Did Valerie I. Quill select the full reporting option when she ran for the 11/03/2015
elections?

14 Which candidates from the Libertarian, Independent, or Green parties ran for elec-
tion in Seattle?

15 Did Suzanne G. Skaar ever run for City Council member?

16 In which election year did Stanley J Rumbaugh run for Superior Court Judge?

17 In which years did Dean A. Takko run for the State Representative office?

18 Which candidates running after 06/15/2017 were from the Libertarian party?

19 Which reporting option did Douglas J. Fair select when he ran for district court
judge in Edmonds? Mini or full?

Table 7.2: Questions in test set.
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Figure 7.2: Number of relevant documents for each question in the sample set (blue) and
the test set (red). Note that the y-axis is in logarithmic scale.
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7.2.2 Evaluation metrics

The ultimate goal of this task is the extraction of information from a collection of doc-
uments. In consequence, the main evaluation metric assesses the method’s answering
capabilities. However, as a retrieval-answering style task, we also evaluate the retrieval
of the correct documents, providing an intermediate metric to better interpret the final
results.

Retrieval of evidences: Following standard retrieval tasks [125] we use the Mean Aver-
age Precision (MAP) to assess the correctness of the positive evidences retrieved by the
methods. We consider positive evidences the documents in which a part of the answer to
a given question can be found.

Answers: Following previous text based VQA tasks, we use the Average Normalized
Levenshtein Similarity (ANLS) which captures the model’s reasoning capability while
smoothly penalizing OCR recognition errors. However, in DocCVQA the answers are
a set of items for which the order is not relevant, in contrast to common VQA tasks
where the answer is a single string. Thus, we adapt this metric to make it suitable for
unordered list of answers. We name this adaptation as Average Normalized Levenshtein
Similarity for Lists (ANLSL), formally described in Equation 7.1. Given a question Q,
the ground truth list of answers G = {g1, g2 . . . gM } and a model’s list of predicted answers
P = {p1, p2 . . . pN }, the ANLSL performs the Hungarian matching algorithm to obtain a k
number of pairs U = {u1,u2 . . .uK } where K is the minimum between the ground truth and
the predicted answer lists lengths. The Hungarian matching (Ψ) is performed according to
the Normalized Levenshtein Similarity (N LS) between each ground truth element g j ∈G
and each prediction pi ∈ P . Once the matching is performed, all the NLS scores of the
uz ∈U pairs are summed and divided by the maximum length of both ground truth and
predicted answer lists. Therefore, if there are more or less ground truth answers than the
ones predicted, the method is penalized.

U =Ψ(N LS(G ,P ))

AN LSL = 1

max(M , N )

K∑
z=1

N LS(uz )
(7.1)
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7.3 Baselines

This section describes the two baselines employed in the experiments. Both baselines
tackle the task in two different stages. First, they rank the documents according to the
confidence of containing the information to answer a given a question and then, get the
answers from the documents with the highest confidence. The first baseline combines
methods from the word spotting and NLP Question Answering fields to retrieve the rele-
vant documents and answer the questions. We name this baseline as Text spotting + QA.
In contrast, the second baseline is an ad-hoc method specially designed for this task and
data, which consists of extracting the information from the documents and mapping it in
the format of key-value relations. This baseline represents the collection similarly to how
databases do, and consequently we name it Database.

7.3.1 Text spotting + QA

Evidence retrieval: We apply a text spotting approach to retrieve documents containing
similar words to those in the questions, ranking the documents according to a confidence.
For this, we first run a Part Of Speech (POS) tagger over the question to identify the most
relevant words in it, keeping only nouns, numbers and dates, and ignore the rest of the
words. Then, as described in Equation 7.2, given a question Q, for each relevant word in
the question w q

i ∈Q we get the minimum Normalized Levenshtein Distance (N LD) [114]
between all recognized words wocr

j in the document and the question word. At the end,
the confidence of a document containing the answer to the given question cd is computed
as the average of the distances of all question words.

cd = 1

|Q|
|Q|∑
i=1

|OC R|
min
j=1

{N LD(w q
i , wocr

j )} (7.2)

Note that removing stopwords alone is insufficient. For instance, in the question depicted
in Figure 7.1, the verb ‘run’ is not classified as a stopword but cannot be found in the
relevant document. As a result, other non-relevant documents might be ranked higher if
they include such words.

Answering: Once the documents are ranked, we make use of BERT [42] question an-
swering model to get the answers from the documents that have been ranked with a confi-
dence cd above a predefined threshold τ. BERT is a task-agnostic language representation
based on transformers [211] that can be later used in other downstream tasks. In this case,
we use extractive question answering BERT model which predicts the answer as a text
span from a context, usually a passage or paragraph by predicting the start and end in-
dices on that context. However, there is no such context in the DocCVQA documents that
encompasses all the textual information. Therefore, we follow the approach of previous
chapters in SP-DocVQA [143] and InfographicsVQA [142] to build this context by seri-
alizing the recognized OCR tokens on the document images to a single string separated
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by white-spaces following the top-left to bottom-right order. Then, following the original
implementation of [42] we introduce a start vector S ∈ RH and end vector E ∈ RH . The
probability of a word i being the start of the answer span is obtained as the dot product
between the BERT word embedding hidden vector Ti and S followed by a softmax over
all the words in the paragraph. The same formula is applied to compute if the word i is
the end token by replacing the start vector S with the end vector E . Finally, the score of a
candidate span from position i to position j is defined as S ·Ti +E ·T j , and the maximum
scoring span where j ≥ i is used as a prediction.

7.3.2 Database approach

This baseline aims to showcase the performance of an ad-hoc method using heuristics and
commercial software to achieve the best possible performance. Since obtaining a human
performance analysis is near impossible because it would require to manually check more
than 14k documents for each question, this baseline can be seen as a performance to beat
in a medium-long term.

The database baseline also tackles the task in the same retrieval and answering stages.
However, in this case the ranking of the results is binary, indicating if a document is rel-
evant or not. For this, we first employ a commercial information extraction tool over
the document collection, obtaining the text and the key-value relationships between the
field names and their values, including checkboxes. This is followed by a post-processing
to normalize all the dates parsing them into the same format, and correct possible OCR
recognition errors for fields with low variability (field names, parties and reporting op-
tions) by assigning the closest match given the edit distance between the recognized text
and the set of classes. Finally, we map the key-value pairs into a database-like data struc-
ture. To answer the questions, these are manually parsed into structured query language
and the resulting query is run over the stored records. If all the constraints are met, that
document is considered relevant. Finally, the requested values in the question are ex-
tracted from the records of the relevant documents.

Note that this is a very rigid method that does not allow any modification in the data and
therefore, it cannot generalize at all. Moreover, it requires a pre-process step to parse the
query from Natural Language to a Structured Query Language (SQL) which is currently
done manually, which makes the method not scalable also.
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7.4 Results

7.4.1 Evidences

To initially assess the retrieval performance of the methods, we first compare the text spot-
ting approach using two different commercial OCR systems and the database approach.
The MAP of the evidence retrieval reported in Table 7.3 show that the performance of
Amazon Textract [4] on text spotting is better than Google OCR [56], and is the only one
capable of extracting the key-value relations for the database approach. In consequence,
we use this as the standard OCR for the rest of the text spotting baselines.

Retrieval method MAP

Text spotting (google) 71.62
Text spotting (textract) 72.84
Database 71.06

Table 7.3: Performance of different retrieval methods.

The overall retrieval performance of the database approach is similar to the text spotting
approach. However, looking at the MAP obtained for each question depicted in Fig-
ure 7.3, we can see that it performs better for all the questions except for number 11 and
17. In both cases the problem is due to a failure in predicting the link between the key
and value of the fields, and consequently it cannot retrieve documents with the required
values, which is one of the main drawbacks of such rigid methods. Moreover, small OCR
errors prevent the database method to correctly retrieve some of the required documents
like in question 14, where the handwritten city value ‘North Bonneville’ has been recog-
nized as ‘North Boweville’. On the other hand, the questions where the database approach
have significantly better performance are those that require finding in the documents not
only a particular value, but also understanding complex constraints such as the ones de-
scribed in section 7.2.1, like finding a document between two dates (question 9), after
a date (question 18), documents that do not contain a particular value (question 12), or
where several values are considered as correct (question 14).
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Figure 7.3: Evidence retrieval performance for each question in the test set.
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7.4.2 Answers

For the BERT QA method, we use the pretrained and fine-tuned weights employed in SP-
DocVQA from the Huggingface Transformers library [223], and further fine-tune on the
DocCVQA sample set for 6 epochs to adapt the model to the new question concepts and
context format. Since the sample set is small, during the 6 epochs the model only sees
around 40 samples, which is sufficient to improve the answering performance without
harming the previous knowledge.

Given the collection nature of DocCVQA, the answers to the questions usually consist
on a list of texts spans located in different documents considered as relevant. Hence, we
consider a document to be relevant if the confidence provided from the retrieval method
is greater than a threshold τ. For the text spotting retrieval approach, we set the threshold
to τ= 0.9 after empirically finding to be the best value on the sample set. For the database
approach, given that the provided confidence is binary 0 or 1, we consider as relevant all
positive documents (τ= 1.0).

In the experiments, we use the BERT QA baseline to answer the questions over the ranked
documents from the text spotting and database retrieval methods. But we only use the
database method to answer the ranked documents from the same retrieval approach. As
reported in Table 7.4 the latter performs the best. The main reason for this is that the
wrong retrieval of the documents yield the methods uncapable to find the necessary in-
formation to answer the questions. In contrast, having the key-value relations allows the
database method to directly output the value for the requested field as an answer, while
BERT needs to learn to extract it from a context that has partially lost the spatial infor-
mation. Moreover, the field value might be far from the field name, losing the semantic
connection between the key-value pair. To showcase the answering performance upper
bounds of the answering methods, we also provide their performance regardless of the
retrieval system, where the documents are ranked according to the test ground truth.

Retrieval Answering MAP ANLSLmethod method

Text spotting BERT 72.84 0.4513
Database BERT 71.06 0.5411
Database Database 71.06 0.7068
GT BERT 100.00 0.5818
GT Database 100.00 0.8473

Table 7.4: Baselines results comparison.
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As depicted in Figure 7.4, BERT does not perform well when the question asks for can-
didate’s names (questions 8, 9, 11, 14 and 18). However, it has a better performance
when asking about dates (questions 16 and 17) or legislative counties (question 10). On
the other hand, the database approach is able to provide the required answer as long as
the key-value relationships have been correctly recognized. Interestingly, none of the
methods are can correctly answer the question 13 regardless of a correct retrieval. This
question asks if a candidate selected a specific checkbox value. The difference here is that
the answer is No, in contrast to the sample question number 3. Then, BERT can’t answer
because it lacks of a document collection point of view, it lacks of the interpretation of
visual features to recognize the checkbox, and as an extractive QA method, it would re-
quire to have a No in the document along with some context that could help to identify
that word as an answer. On the other hand, the database method fails because of its logical
structure. If there is a relevant document for that question, it will find the field for which
the query is asking for, or will answer ’Yes’ if the question is a Yes/No type.
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Figure 7.4: Baselines answering performance per question on the DocCVQA test set.
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7.5 Evolution of VQA on Document Collections

Since the release of the DocCVQA dataset, there has been some progress on it. In total,
we have received in the online evaluation platform more than 75 submissions from 10
different teams, out of which 9 methods have been made public. The challenging size
limited variability of the dataset have turned this task hard to tackle. Resulting in little
progress on it, where most of the methods used are small adaptations of SP-DocVQA
methods.
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Figure 7.5: Evolution of method’s performance in DocCVQA dataset

The challenge [144] held on this dataset was initially focused on the evidence retrieval by
ranking the methods according to their MAP score, with the answering part as optional.
Consequently, the methods PingAn DQA and iFLYTEK DOCR only focused on retriev-
ing the relevant documents. The former used the same method employed for SP-DocVQA
and keep the confidence scores to rank the methods, in contrast the latter proposed a cus-
tom fuzzy search algorithm based on the document text and layout features. The Infrrd
RADAR followed a similar approach as the proposed database baseline by extracting up
to 28 fields from each document form, and parsed the language questions into SQL us-
ing the spaCy [70] library. Then, the method used the SQL queries with fuzzy-search
algorithm to retrieve the set of relevant documents and the extracted answers. The cur-
rent state-of-the-art method Mybank-DocRetrieval makes use of BERT method to train a
classification task and use the logits as the ranking score to retrieve the documents. Then,
they use the Mybank-DocReader proposed in SP-DocVQA to answer the questions.
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7.6 Conclusions and Future Work

This work introduces a new and challenging task to VQA and DAR research fields. The
DocCVQA that aims to provide a new perspective to Document understanding and high-
light the importance and difficulty of contemplating a whole collection of documents. We
have shown the performance of two different approaches. On one hand, a text spotting
with an extractive QA baseline that, although it has lower performance, it is more generic
and could achieve similar performance in other types of documents. And on the other
hand, an ad-hoc baseline that represents the documents by their key-value relations that,
despite achieving quite good performance, is still far from being perfect and because of
its design is very limited and can’t generalize at all when processing other types of doc-
uments. In this regard, we believe that the next steps are to propose a method that can
reason about the whole collection in a single stage, being able to provide the answer and
the positive evidences.
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Chapter 8

Visual Question Answering on
Multipage Documents

Existing work on DocVQA only considers single-page documents either alone or
gathered in collections. However, in real applications documents are mostly com-
posed of multiple pages that should be processed altogether. In this chapter, we pro-
pose a new multimodal hierarchical method Hi-VT5, that overcomes the limitations
of current methods to process long multipage documents. In contrast to previous
hierarchical methods that focus on different semantic granularity [63] or different
subtasks [247] used in image classification, our method is a hierarchical transformer
architecture where the encoder learns to summarize the most relevant information
of every page and then, the decoder uses this summarized representation to gener-
ate the final answer, following a bottom-up approach. Moreover, due to the lack
of multipage DocVQA datasets, we also introduce MP-DocVQA, an extension of
SP-DocVQA where questions are posed over multipage documents instead of single
pages. Through extensive experimentation, we demonstrate that Hi-VT5 is able, in a
single stage, to answer the questions and provide the page that contains the answer,
which can be used as a kind of explainability measure.

115
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8.1 Introduction

Automatically managing document workflows is paramount in various sectors including
Banking, Insurance, Public Administration, and the running of virtually every business.
For instance, only in the UK more than 1 million home insurance claims are processed ev-
ery year. Over the past 50 years, research on Document Image Analysis and Recognition
(DIAR) has focused on specific information extraction and conversion tasks in order to
automatize document workflows, which has placed the field at the meeting point between
Computer Vision and Natural Language Processing. In the works presented in Chapters 5
to 7, we introduced the concept of Visual Question Answering (VQA) in DIAR, leading
to different DocVQA tasks that require reasoning over typed or handwritten text, layout,
graphical elements such as diagrams and figures, tabular structures, signatures and the
semantics that these convey. This resulted in a paradigm shift, giving rise to end-to-end
methods that condition the information extraction pipeline on a question posed in natural
language.

However, all existing datasets and methods for DocVQA presented in previous chapters
have focused on single page documents, which is far from real life scenarios. Documents
are typically composed of multiple pages and therefore, in a real document management
workflow all pages of a document need to be processed as a single set. In this chapter we
aim to extend single-page DocVQA to the more realistic multipage setup.

Q: What was the gross profit in the year 2009?
A: $19,902

Figure 8.1: In the MP-DocVQA task, questions are posed over multipage documents where
methods are required to understand the text, layout and visual elements of each page in the
document to identify the correct page (blue in the figure) and answer the question.
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One of the major challenges involved when processing multipage documents is the large
increase of input data that models must process. DuReaderVis[162] is a Chinese dataset for
open-domain document visual question answering that tackles a similar issue since each
image contains 1968 tokens on average. The questions of this dataset are queries from
the Baidu search engine, and the images are screenshots of the webpages retrieved by the
search engine results. Although the answers are extractive, 43% of them are non-factual
and much longer on average than the ones in previous DocVQA datasets. However, due to
the big size of the image collection, the task is posed as a 2-stage retrieval and answering
tasks similar to DocCVQA, where the methods must retrieve the correct page first, and
answer the question in a second step.

The need to process longer sequences particularly affects current state-of-the-art DocVQA
methods [72, 161, 227, 228] based on the Transformer architecture [211] that take as in-
put textual, layout and visual features obtained from the words recognized by an OCR.
As the complexity of the transformer scales up quadratically with the length of the in-
put sequence, all these methods use a reduced number of input tokens which can lead
to truncating a significant part of the input data when working with long multipage doc-
uments. To overcome this problem, several methods in the NLP domain have been pro-
posed. Longformer [14] and Big Bird [236] replace the standard self-attention mechanism
with a combination of global and local attention that reduces the computational require-
ments, which allows them to process longer sequences. However, they still present some
limitations on the maximum sequence length they can accept, which degrades their per-
formance on long multipage documents.

As an alternative, we propose the Hierarchical Visual T5 (Hi-VT5), a multimodal hierar-
chical encoder-decoder transformer built on top of T5 [166] which is capable to naturally
process multiple pages by extending the input sequence length up to 20480 tokens with-
out increasing the model complexity. In our architecture, the encoder processes separately
each page of the document, providing a summary of the most relevant information con-
veyed by the page conditioned on the question. This information is encoded in a number
of special [PAGE] tokens, inspired in the [CLS] token of the BERT model [42]. Sub-
sequently, the decoder generates the final answer by taking as input the concatenation of
all these summary [PAGE] tokens for all pages. Furthermore, the model includes an ad-
ditional head to predict the index of the page where the answer has been found. This can
be used to locate the context of the answer within long documents, but also as a measure
of explainability, following recent works in the literature [204, 221]. Correct page pre-
diction can be used as a way to distinguish which answers are the result of reasoning over
the input data, and not dictated from model biases.
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8.2 MP-DocVQA Dataset

The Multi-Page DocVQA (MP-DocVQA) dataset comprises 46K questions posed over
48K images of scanned pages that belong to 6K industry documents. The page images
contain a rich amount of different layouts including forms, tables, lists, diagrams and
pictures among others as well as text in handwritten, typewritten and printed fonts.

Dataset Questions Documents Pages Avg. pages Document Avg.
(Images) per question OCR Tokens

SP-DocVQA [143] 50K 6K 12K 1.00 151.46
VisualMRC [198] 30K 10K 10K 1.00 182.75
InfographicsVQA [142] 30K 5.4K 5.4K 1.00 217.89
DuReaderVis [162] 15K 158K 158K 1.3K 1968.21
DocCVQA [204] 20 14K 14K 14K 509.06
TAT-DQA [248] 16K 2.7K 3K 1.07 550.27
MP-DocVQA (ours) 46K 6K 60K 8.27 2026.59

Table 8.1: Comparison between MP-DocVQA and main DocVQA datasets.

8.2.1 Dataset creation

Documents naturally follow a hierarchical structure where content is structured into blocks
(sections, paragraphs, diagrams, tables) that convey different pieces of information. The
information necessary to respond to a question more often than not lies in one relevant
block, and is not spread over the whole document. This intuition was confirmed during
our annotation process in this multipage setting. The information required to answer the
questions defined by the annotators was located in a specific place in the document. On
the contrary, when we forced the annotators to use different pages as a source to answer
the question, those become very unnatural and did not capture the essence of questions
that we can find in the real world.

Consequently, we decided to use the SP-DocVQA dataset proposed in Chapter 5, which
already has very realistic questions defined on single pages. To create the new MP-
DocVQA dataset, we took every image-question pair from SP-DocVQA [143] and con-
verted it to a multipage setting by adding the previous and posterior pages of the document
downloaded from the original source UCSF-IDL1, increasing the number of page images
from 12,767 to 64,057, as shown in the second row of Table 8.2. As we show in Fig-
ure 8.2a most of the documents in the dataset have between 1 and 20 pages, followed by
a long tail of documents with up to 793 pages. We focused on the most common scenario
and limited the number of pages in the dataset to 20. For longer documents, we randomly
selected a set of 20 pages that included the page where the answer is found.

1https://www.industrydocuments.ucsf.edu/

https://www.industrydocuments.ucsf.edu/
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Next, we filter out questions from the SP-DocVQA dataset that became ambiguous when
posed in a multipage setup. We identified a set of key-words (such as ’document’, ’image’,
’graphic’, etc.) that when used in a question on the multipage scenario could potentially
lead to ambiguous answers. The most clear example is with the word ’document’. We
can observe that in many documents most pages start with a big text on the top that can
be considered as the title of the page. This would be the natural answer in the single page
DocVQA scenario when the question asks about the title of the document. However, if
this pattern is repeated in every page of the document, the question becomes impossible
to answer when multiple pages are taken into account.

Moreover, even if there is only one page with a title, the answer can still be considered
wrong, since the title of the document is always found in the first page like in the example
in Figure 8.1. On the other hand, when we analyzed more closely other potentially am-
biguous selected key-words such as ’image’, ’appears’ or ’graphic’ we found out that the
answers were not always ambiguous and also the amount of questions with those words
was negligible compared to the entire dataset. Thus, we decided to keep those questions
in our dataset. Finally, we found that the key-word ’title’ was mostly ambiguous only
when it was written along with the word ’document’. Hence, we decided to remove only
the questions with the word ’document’ in it, while keeping all the rest. This filtered ver-
sion, which corresponds to the third row of Table 8.2 is the dataset version that has been
released and used in the experiments, comprising 46,176 questions posed over 47,952
page images from 5,928 documents. Notice however, that the dataset also includes doc-
uments with a single page when this is the case, which corresponds to the fourth row.
Nevertheless, the questions posed over multipage documents represents the 85.95% of the
questions in the dataset.

Documents Pages Questions

SP-DocVQA 6,071 12,767 50,000
MP-DocVQA (full) 6,071 64,057 50,000
MP-DocVQA (filtered) 5,928 60,884 46,176
MP-DocVQA (multi-page) 3,824 39,688 39,688

Table 8.2: Statistics of the MP-DocVQA during its construction process. In bold, we
highlight the version (filtered) released and used for the experiments.

Finally, we split the dataset into train, validation and test sets keeping the same distribution
as in SP-DocVQA. However, following this distribution some pages would appear in
more than one split as they originate from the same document. To prevent this, we trim
the number of pages used as context for such specific cases to ensure that any page is
repeated between training and validation/test splits. In Figure 8.2b we show the number
of questions according to the final document length.

To facilitate research and fair comparison between different methods on this dataset, along
with the images and questions we also provide the OCR annotations extracted with Ama-
zon Textract [4] for all the 64,057 document images.
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8.2.2 Dataset statistics

As we show in Table 8.1, given that MP-DocVQA is an extension of SP-DocVQA, the
average question and answer lengths are very similar to this dataset in contrast to the long
answers that can be found in the open-domain datasets VisualMRC and DuReaderVis.
On the contrary, the main difference lies in the number of OCR tokens per document,
which is even superior to the Chinese DuReaderVis. In addition, MP-DocVQA adopts
the multipage concept, which means that not all documents have the same number of
pages (Figure 8.2b), but also that each page of the document may contain a different
content distribution, with varied text density, different layout and visual elements that
raise unique challenges. Moreover, as we show in Figures 8.2b and 8.2c the variability
between documents is high, with documents comprising between 1 and 20 pages, and
between 1 and 42,313 recognized OCR words.
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Figure 8.2: MP-DocVQA dataset statistics.
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8.3 Baselines

As Multi-Page DocVQA is a new task, we adapt several state-of-the-art methods as base-
lines to analyze their limitations in the multipage setup and compare their performance
against our proposed method.

BERT [42] is an extractive question answering method that creates the context for a given
question by concatenating all the recognized words from an OCR. Then, the question
and the context words are concatenated, tokenized and passed through the transformer
layers and a classification head, which is used to predict the start and end indices of the
answer within the context. Since BERT was the first question-answering method based
on transformers, it shows the performance of such a simple baseline.

Longformer [14] is also an extractive question answering method based on RoBERTa [128]
but it replaces the standard self-attention operation by a combination of global and local
attention. The global attention is used on the question tokens, which attend and are at-
tended by all the rest of the question and context tokens, while a sliding window guides
the local attention over the context tokens to attend the other locally close context tokens.
This attention operation scales linearly with the sequence length, reducing the algorith-
mic complexity from O(n2) to O(n), and makes the model versatile for processing long
documents and allowing sequence lengths up to 4,096 tokens.

Big Bird [236] extends the Longformer model by introducing random attention to the
global and local attention. The random attention consists of setting global attention over
randomly selected tokens, which will attend and be attended by all the rest of the to-
kens. This random attention improves the global understanding of the input sequence
while only adding a marginal increase on the complexity of the attention pattern. In ad-
dition, Big Bird can work with two different strategies. The former, Internal Transformer
Construction (ITC) only sets global attention over one single token, while the Extended
Transformer Construction (ETC) sets the global attention over a set of tokens. Although
the latter strategy is the desired setup for question-answering tasks by setting all the ques-
tion tokens with global attention, the current released code only supports the ITC strategy
and hence, we limit our experiments to this attention strategy.

LayoutLMv3 [72] is the current public state-of-the-art method on the SP-DocVQA dataset.
It is the only baseline that uses visual features by representing the page image as patch em-
beddings. It also integrates a spatial-aware self-attention mechanism into the Transformer
architecture to fully understand the relative 2D-positional relationship among different
text blocks. The model is pretrained with 3 different objectives to align text, layout posi-
tion and image context. Finally, a classification head is used for visual question answering
to extract the answer from the given context.
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T5 [166] is the first generative baseline and the backbone of the proposed method. The
main difference of T5 is that it tackles all tasks with a text-to-text approach. Therefore, it
does not output a label or a span of the input sentence, but the output is a text string. This,
jointly with the new pre-training task of text denoising and huge amounts of data used to
train it, has achieved very good results, reason why many current VQA state-of-the-art
methods use it as backbone [15, 161].

However, all these methods are not directly applicable to a multipage scenario because
they are designed to perform visual question answering on single-page documents or
question answering from simple text streams. Moreover, they can’t process all the doc-
ument pages due to their limited input sequence length. Consequently, we define three
different setups to allow them to be evaluated on this task. In the ‘oracle’ setup, only
the page that contains the answer is given as input to the transformer model. This setup
aims to mimic the Single page DocVQA task, showcasing the raw answering capabili-
ties of each model regardless of the input sequence length they can accept, by assuming
the method has correctly identified the page containing the information. Thus, it should
be seen as a theoretical maximum performance, assuming that the method has correctly
identified the page where the information is found. In the ‘concat’ setup, the context input
to the transformer model is the concatenation of all the pages’ contexts in the document.
This can be considered the most realistic scenario where the whole document is given as
a single input. It is expected that the large amount of input data becomes challenging for
the baselines. The page corresponding to the predicted start index of the answer span is
used as the predicted page, except for T5, since being a generative method it does not
predict the start index. Finally, ‘max conf.’ is the third setup, which is inspired in the
strategy that the best performing methods in the DocCVQA challenge [204] use to tackle
the big collection of documents. In this case, each page is processed separately by the
model, providing an answer for every page along with a confidence score in the form of
logits. Then, the answer with the highest confidence is selected as the final answer, with
the corresponding page as the predicted answer page.

For BERT, Longformer, Big Bird and T5 baselines, we create the context following the
standard practice of concatenating the OCR words in the image following the standard
reading order: top-left to bottom-right. For all the methods, we use the Huggingface [223]
implementation and pre-trained weights from the most similar task available.
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8.4 Hi-VT5

Although documents contain dense information, not all of it is necessary to answer a
given question. Following this idea, we propose the Hierarchical Visual T5 (Hi-VT5),
a hierarchical encoder-decoder multimodal transformer where given a question, the en-
coder extracts the most relevant information from each page conditioned to the question
and then, the decoder generates the answer from the summarized relevant information
extracted from the encoder. Figure 8.3 shows an overview of the model. Each page is
independently processed by the encoder taking as input the question, the recognized text
and the image patches. Additionally, it incorporates a set of learnable [PAGE] tokens,
which are introduced to embed the relevant information of each page concerning a partic-
ular question at the output of the encoder. More specifically, the question and OCR words
are first tokenized into individual subword tokens and embedded into the learned seman-
tic contiguous representation, which captures the contextual information and semantics of
the token. Moreover, the bounding box of the OCR tokens is represented by a continuous
learned embedding space, which is latter added to the OCR semantic representation. In
parallel, the page image is divided into non-overlapping patches, which are projected and
fed to a Visual Transformer Encoder. Then a set of M [PAGE] tokens are added into
the input sequence length, which will be used to represent the summarized information
conditioned by the question.
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Figure 8.3: Architecture of Hi-VT5 method. Each page is processed by the encoder to
represent in the contextualized [PAGE]’ tokens the most relevant information necessary
to answer the posed question. Then, the [PAGE]’ tokens of all pages are concatenated to
provide the decoder with a holistic representation of the document at the time of generat-
ing the answer. In addition, a classification layer in the Answer Page Prediction Module
outputs the page where the answer to the question is found, providing the model with an
explainability measure of the answers which allows, among others, to understand if the
answer has been inferred from the actual input data, or from a prior learned bias.
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All the tokens from the different sources: question, OCR, image patches and [PAGE]
are concatenated and fed into the Hi-VT5 Encoder, which consists of a set of transformer
layers, where self-attention mechanism is applied. Self-attention allows each token to
attend to other tokens within the same or other modalities, capturing dependencies and
relationships between the question, recognized words and image features. This allows
the model to understand the content of each document page. The output of the Hi-VT5
encoder is a sequence of a high-dimensional representation for each token in the input
sequence. Thanks to the pre-training and fine-tuning phase, Hi-VT5 learns to represent
the necessary information to solve the task (either text de-noising or Visual Question An-
swering) in the contextualized [PAGE]’ tokens at the output of the encoder. Following,
the [PAGE] tokens are concatenated and passed through the decoder to generate the fi-
nal answer in an auto-regressive way. Moreover, in parallel to the answer generation, the
Answer Page Prediction Module (APPM) predicts the page index where the information
to answer the question is found, which can be used as a kind of explainability measure.

We utilize the T5 architecture as the backbone for our method due to the vast amount
of data and their novel de-noising task utilized during pretraining, which makes it an
excellent candidate for the model initialization. Next, we describe each of the components
of our pipeline.

Textual representation: Following recent literature on document understanding [72,
161] which demonstrates the importance of layout information when working with Trans-
formers, we utilize a spatial embedding to better align the layout information with the se-
mantic representation. Formally, given an OCR token Oi , we define the associated word
bounding box as (xi

0, y i
0, xi

1, y i
1). Following [15], to embed bounding box information, we

use a lookup table for continuous encoding of one-hot vectors, and sum up all the spatial
and semantic representations together:

Ei = EO(Oi )+Ex (xi
0)+Ey (y i

0)+Ex (xi
1)+Ey (y i

1) (8.1)

where Ei is the encoded representation for the OCR token Oi , and EO , Ex and Ey are the
learnable look-up tables.

Visual representation: We leverage the Document Image Transformer (DIT) [117] pre-
trained on Document Intelligence tasks to represent the page image as a set of patch
embeddings. Formally, given an image I with dimension H ×W ×C , it is reshaped into N
2D patches of size P 2×C , where (H ,W ) is the height and width, C is the number of chan-
nels, (P,P ) is the resolution of each image patch, and N = HW /P 2 is the final number of
patches. We map the flattened patches to D dimensional space, feed them to DiT, pass the
output sequence to a trainable linear projection layer and then feed it to the transformer
encoder. We denote the final visual output as V = {v0, . . . , vN }.
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Hi-VT5 hierarchical paradigm: Inspired by the BERT [42] [CLS] token, which is
used to represent the encoded sentence, we use a set of M learnable [PAGE] tokens to
represent the page information required to answer the given question. Hence, we input
the information from the different modalities along with the question and the learnable
tokens to the encoder to represent in the [PAGE] tokens the most relevant informa-
tion of the page conditioned by the question. More formally, for each page p j ∈ P =
{p0, . . . , pK }, let V j = {v0, . . . , vN } be the patch visual features, Q = {q0, . . . , qm} the tok-
enized question, O j = {o1, . . . ,on} the page OCR tokens and K j = {k0, . . . ,kM } the learn-
able [PAGE] tokens. Then, we embed the OCR tokens and question using Equation 8.1
to obtain the OCR E o

j and question E q encoded features. And concatenate all the inputs

[K j ;V j ;E q ;E o
j ] to feed to the transformer encoder. Finally, all the contextualized K

′
out-

put tokens of all pages are concatenated to create a holistic representation of the document
D = [K

′
0; . . . ;KK

′], which is sent to the decoder that will generate the answer, and to the
answer page prediction module.

Answer Page Prediction Module (APPM): Interpretability of the answer is an important
research topic for the development of reliable VQA methods [221]. We use the prediction
of the page where the answer is found as an evidence of the ability of the system to
explain that the answer has been obtained using relevant information and not some prior
bias. Thus, in parallel to the generation of the answer in the decoder, the contextualized
[PAGE] tokens D are fed to a classification layer that outputs the index of the page where
the answer is found.

Pre-training strategy: Since T5 was trained without layout information, inspired by [15]
we propose a hierarchical layout-aware pretraining task to align the layout and semantic
textual representations, while providing the [PAGE] tokens with the ability to attend to
the other tokens. Similar to the standard de-noising task, the layout-aware de-noising task
masks a span of tokens, replaces them with a single mask token, and forces the model
to reconstruct the original set of tokens. Unlike the original de-noising task, in Hi-VT5
the encoder has access to the rough location of the masked tokens, which encourages the
model to fully utilize the layout information when performing this task. In addition, the
masked tokens must be generated from the contextualized K

′
[PAGE] tokens created

by the encoder, which forces the model to embed the tokens with relevant information
regarding the proposed task.

Training strategy: Even though Hi-VT5 keeps the same model complexity as the sum
of their independent components: T5BASE (223M) + DiTBASE (85M) and despite being
capable to accept input sequences of up to 20480 tokens, the amount of gradients com-
puted at training time scales linearly with the number of pages, since each page is passed
separately through the encoder and the gradients are stored in memory. Consequently, it
is similar to have a batch size P times bigger in the encoder compared to a single page
setting. While this could be tackled by parallelizing the gradients corresponding to a
set of pages into different GPUs with different encoders sharing parameters, we offer a
computational-efficient alternative strategy using limited resources. We train the model
on shortened versions of the documents with only two pages: the page where the answer
is found and the previous or posterior page. Even though this drops the overall perfor-
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mance of the model, as we show in the ablation study (Table 8.7), training with only 2
pages is enough to learn the hierarchical representation of the model achieving results
close to the ones using the whole document, and offers a good trade-off in terms of mem-
ory requirements. However, after the training phase, the decoder and the answer page
prediction module can’t deal with the full version of the documents of up to 20 pages.
For this reason, we perform a final fine-tuning phase using the full-length documents and
freezing the encoder weights.

8.5 Experiments

To evaluate the performance on this task, we use the standard evaluation metrics in
DocVQA, accuracy and Average Normalized Levenshtein Similarity (ANLS). To assess
the answer page prediction we use accuracy, i.e. if the predicted answer page is the correct
one or not. For short, we name Answer Page Prediction Accuracy as APPA.

In Table 8.3 we show the baselines and Hi-VT5 hyperparameters employed to train the
methods during the experiments. For the baselines’ initialization weights, we choose the
pretrained weights on the most similar task publicly available.

BERT Longformer Big Bird T5 Hi-VT5†

Model size large base base base base
Parameters 334M 148M 131M 223M 316M
Model initial weigths SP-DocVQA SQuADv1 TrivaQA C4 C4
Max Seq. Length 512 4096 4096 512 20480
Training Loss CE CE CE CE CE
batch size 32 8 8 32 8
lr 2e-5 1e-4 3e-5 2e-4 2e-4
optimizer AdamW AdamW AdamW AdamW AdamW
scheduler linear linear linear linear linear
warmup iterations 1000 1000 1000 1000 1000
training epochs 1 10 10 10 1 - 10 - 1

Table 8.3: Hyperparameters of the baselines and the proposed method that were used to
train and evaluate on MP-DocVQA. †: Hi-VT5 refers to all three pre-training, training and
fine-tune stages. The only difference is the number of epochs: 1, 10 and 1 respectively.
Training loss CE denotes CrossEntropy loss.

https://github.com/mineshmathew/DocVQA/tree/master/BERT_baseline
https://huggingface.co/valhalla/longformer-base-4096-finetuned-squadv1
https://huggingface.co/google/bigbird-base-trivia-itc
https://huggingface.co/t5-base
https://huggingface.co/t5-base
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8.5.1 Baseline results

As we show in Table 8.4, the method with the best answering performance in the ora-
cle setup (i.e. when the answer page is provided) is T5, followed by LayoutLMv3, Big
Bird, Longformer and BERT. This result is expected since this setup is equivalent to the
single page document setting, where T5 has already demonstrated its superior results. In
contrast, in the max conf. setup, when the logits of the model are used as a confidence
score to rank the answers generated for each page, T5 performs the worst because the
softmax layer used across the vocabulary turns the logits unusable as a confidence to rank
the answers. Finally, in the concat setup, when the context of all pages are concatenated
Longformer outperforms the rest, showing its capability to deal with long sequences. This
can also be seen in section 8.5.1, which shows that the performance gap between Long-
former and the rest of the baselines increases when the answer page is placed at the end
of the document. The second best performing method in this setting is T5, which might
seem surprising due to its reduced sequence length. However, looking at section 8.5.1
we can see that T5 is good on questions whose answers can fit into the input sequence,
while it is not capable to correctly answer the rest. In contrast, Big Bird is capable to
answer questions that require long sequences since its maximum input length is 4096, as
Longformer. Nevertheless, it performs worse due to the ITC strategy, which does not set
global attention to all question tokens and consequently, as long as the question and the
answer tokens become more distant, it is more difficult to model the attention between the
required information to answer the question.

Max Seq. Ans. PageModel Size Parameters Length Setup Accuracy ANLS Accuracy

Oracle 39.77 0.5904 100.00
BERT [42] Large 334M 512 Max Conf. 34.78 0.5347 71.24

Concat 27.41 0.4183 51.61
Oracle 52.48 0.6177 100.00

Longformer [14] Base 148M 4096 Max Conf. 45.87 0.5506 70.37
Concat 43.91 0.5285 71.17
Oracle 55.39 0.6454 100.00

Big Bird [236] Base 131M 4096 Max Conf. 49.57 0.5854 72.27
Concat 41.06 0.4928 51.78
Oracle 58.81 0.6729 100.00

LayoutLMv3 [72] Base 125M 512 Max Conf. 42.70 0.5513 74.02
Concat 38.47 0.4538 51.94
Oracle 59.00 0.6814 100.00

T5 [166] Base 223M 512 Max Conf. 32.68 0.4028 46.05
Concat 41.80 0.5047 –

Hi-VT5 (Ours) Base 316M 20480 Oracle 50.01 0.6572 100.00
Multipage 48.28 0.6201 79.23

Table 8.4: Baselines and proposed method Hi-VT5 results on MP-DocVQA dataset.
Baselines are evaluated on three different setups: oracle, concat and max conf. The pro-
posed method is evaluated only on the oracle setup and the realistic multipage setting. We
highlight in bold the best results for the oracle and any multipage (concat and max conf.)
setup.
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(b) Methods’ APPA by answer page position.

Figure 8.4: Methods’ performance by answer page position. In each subfigure we
compare the performance of the baselines and Hi-VT5 in the ‘oracle’ setup (top). And the
baselines on the ‘max conf.’ (middle) and ‘concat’ (bottom) setup against Hi-VT5 using its
answer page prediction module. Note that the breakdown of the scores is not performed on
the number of the document pages, but in which page the answer is located.

8.5.2 Hi-VT5 results

In our experiments we fixed the number of [PAGE] tokens to M = 10, through experi-
mental validation explained in detail in the ablation study, section 8.6. We pretrain Hi-
VT5 on hierarchical aware de-noising task on a subset of 200,000 pages of OCR-IDL [16]
for one epoch. Then, we train on MP-DocVQA for 10 epochs with the 2-page shortened
version of the documents and finally, perform the fine-tuning of the decoder and answer
page prediction module with the full length version of the documents for 1 epoch. During
training and fine-tuning all layers of the DiT visual encoder are frozen except the last fully
connected projection layer.
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Hi-VT5 outperforms all the other methods both on answering and page prediction in the
concat and ‘max conf.’ setups, which are the most realistic scenarios. In addition, when
looking closer at the ANLS per answer page position (see section 8.5.1), the performance
gap becomes more significant when the answers are located at the end of the document,
even compared with Longformer, which is specifically designed for long input sequences.
In contrast, Hi-VT5 shows a slight performance drop in the ‘oracle’ setup compared to
the original T5. This is because it must infer the answer from a compact summarized rep-
resentation of the page, while T5 has access to the whole page representation. This shows
that the page representation obtained by the encoder has still margin for improvement.

Identifying the page where the answer is found at the same time as answering the question
allows to better interpret the method’s results. In Table 8.4 Hi-VT5 obtains the best APPA
and, following the same behavior as in the answer generation, as section 8.5.1 shows the
performance gap with the rest of the baselines becomes more significant as the answer
page is located at the end pages of the document. Moreover, in Figure 8.5 we show the
correlation between the performance of question-answering and answer page prediction,
where it can be seen that our method can predict the correct page even when it cannot
provide the correct answer. On the other hand, for some correctly answered questions, the
corresponding answer page is wrongly predicted. This evidences that the answer has been
inferred from a prior learned bias instead of the actual input data as shown in Figure 8.6
qualitative example.
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Figure 8.5: Matrix showing the Hi-VT5 correct and wrong answered questions depending
on the answer page prediction module result.

To better understand the information that Hi-VT5 embeds into the [PAGE] tokens, we
explore and visualize the attention scores for some examples in MP-DocVQA. The at-
tention of Figure 8.7a, corresponds to the first [PAGE] token, which performs a global
attention over the whole document with a slight emphasis on the question tokens, provid-
ing a holistic representation of the page. Other tokens like as shown in Figure 8.7c focus
their attention over the other [PAGE], and question tokens. More importantly, there is
always a token that focuses its attention to the provided answer, as seen in Figures 8.7b
and 8.7d.
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Question: In the image, what is the organ in the center?
GT Answer: Heart Pred. Answer: Heart
GT Answer page: 0 (left) Pred. Answer page: 13 (right)

Question: Based on this data, people of which gender (men or women) are more likely
to avoid sugar to lose weight?
GT Answer:Women Pred. Answer: Women
GT Answer page: 3 (left) Pred. Answer page: 6 (right)

Figure 8.6: Using both metrics at the same time (ANLS and APPA) helps to interpret and filter answers that
might have been inferred from prior learned bias instead of the actual input document. This Figure shows qualitative
examples with correctly answered questions but wrong answer page predictions. (Top) The most common organ
depicted in documents, and placed in the center of the human body makes the most plausible answer to be heart
without looking at the documents. (Bottom) Binary question that can be answered with Men/Woman has a 50%
chance of being randomly answered correctly. With the page wrongly predicted, it raises concerns regarding the
source of the information used to answer the question.



131 Visual Question Answering on Multipage Documents

(a) Global attention over all the text in the question
and the page.

(b) Attention focused over the OCR tokens corre-
sponding to the answer (7 June, 1988).

(c) Attention focused over the rest of the [PAGE]
and question tokens.

(d) Attention focused over the OCR tokens corre-
sponding to the answer ($115.872).

Figure 8.7: Visualization of the Hi-VT5 attention scores. Red indicates higher attention
scores, yellow represents smaller attention scores, and transparent indicates no attention
given at all .
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8.6 Ablation study

To validate the effectiveness of each of the components of Hi-VT5, we perform an abla-
tion study and show the results in Table 8.5. Without the answer page prediction module
the model performs slightly worse on the answering task, showing that both tasks are
complementary and the correct page prediction helps to answer the question. The most
significant boost comes from the hierarchical de-noising pre-training task, since it allows
the [PAGE] tokens to learn better how to represent the content of the document. The last
fine-tuning phase where the decoder and the answer page prediction module are adapted
to the 20 pages maximum length of the MP-DocVQA documents, is specially important
for the answer page prediction module. This is because the classification layer predicts
only page indexes seen during training Hence, without finetuning it can only predict the
first or the second page. Finally, when removing the visual features the final scores are
slightly worse, as in other works in the literature [15, 72, 161] which also show that the
most relevant information is conveyed within the text and its position, while explicit visual
features are not specially useful for grayscale documents.

Method Accuracy ANLS Ans. Page Acc.

Hi-VT5 48.28 0.6201 79.23

–2D-pos 46.12 0.5891 78.21

–Vis. Feat. 46.82 0.5999 78.22

–APPM 47.78 0.6130 00.00

–Pretrain 42.10 0.5864 81.47

–Fine-tune 42.86 0.5263 55.74

Table 8.5: Hi-VT5 ablation study. We study the effect of removing different components
independently from Hi-VT5 namely the 2D position embedding (2D-pos), visual features
(Vis. Feat.), the answer page prediction module (APPM), the pretraining (Pretrain) and the
last fine-tuning (Fine-tune) phase of the decoder and answer page prediction module.

We also explore the optimal number of [PAGE] tokens to embed the most relevant in-
formation from each page conditioned by the questions. Contrary to BERT [42], which
represents a sentence with a single [CLS] token, Hi-VT5 requires more than one token
to represent a whole page, since it conveys more information. The maximum number of
tokens M that Hi-VT5 can process is limited by the decoder input sequence length S, and
the number of pages P that must be processed. Formally,

M = i nt

(
S

P

)
(8.2)

Therefore, we can set M as an hyperparameter to select depending on the number of pages
we need to process, where in the extreme cases we can represent a single page with 1024
[PAGE] tokens, or a 1024 page document with a single token for each page.
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Regarding the proposed setting on MP-DocVQA, where we limit the maximum number
of pages per document to 20, the maximum possible number of tokens M would be 51. In
consequence, we performed a set of experiments with different number of [PAGE] tokens
to find the optimal value. As we show in Table 8.6, the model is able to answer correctly
some questions even when using only one or two tokens. However, the performance
increases significantly when more tokens are used. Nevertheless, the model does not
benefit from using more than 10 tokens, since it performs similarly either with 10 or 25
tokens. Moreover, the performance decreases when using more. This can be explained
because the information extracted from each page can be fully represented by 10 tokens,
while using more, does not only provide any benefit, but also makes the training process
harder.

[PAGE] Accuracy ANLS APPATokens

1 36.41 0.4876 79.87
2 37.94 0.5282 79.88
5 39.31 0.5622 80.77

10 42.10 0.5864 81.47
25 42.16 0.5896 81.35
50 30.63 0.5768 59.18

Table 8.6: Results of Hi-VT5 with different [PAGE] tokens.

Finally, we explore the effect of training with different amount of pages to find a trade-
off between the memory required and the performance achieved. In the results reported
in Table 8.7, it can be seen that training with only one page, the performance is much
lower compared to the others, suggesting that the model can’t interpret the hierarchical
paradigm. However, when training with more than two pages, although the performance
keeps increasing, the boost is every time more limited, while the required memory keeps
increasing.

Trained pages Acc ANLS

1 22.96 0.3860
2 33.37 0.5577
5 34.08 0.5730
10 34.25 0.5792

Table 8.7: Experiments showing the results when training with different number of docu-
ment pages and tested with the document original length.
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8.7 Conclusions

In this chapter, we have presented the task of Visual Question Answering on multipage
documents and the related dataset MP-DocVQA. We have proposed the method Hi-VT5,
that can process sequences up to 20,480 tokens and answer the questions regardless of
the page in which the answer is placed without increasing the backbone model complex-
ity, surpassing the evaluated baseline’s performance which includes methods specifically
designed to process long sequences. In addition, the APPM can predict the page where
the answer is located, which serves as an evidence of the answer and as an interpretability
measure.



Chapter 9

Conclusions and Future Directions

9.1 Conclusions

Visual Question Answering is still a challenging task at the intersection of Computer Vi-
sion and Natural Language Processing. In this thesis, our goal has been to move towards
more intelligent and holistic methods, integrating the semantics of the recognized text
with the image visual features and question semantics in both natural scenes and docu-
ment images, also contemplating multiple images at the same time. With this, we aimed at
fostering research in interesting domains from both academic and industry perspectives,
focusing on unexplored areas that will contribute to a broader comprehension of the real
world and enable more effective utilization of AI methods in practical applications.

In chapter 3, we have shown the importance of the recognized text in the scenes by creat-
ing Scene Text VQA dataset, which has been widely used in the community after opening
an entirely new research area. The dataset emphasizes the need to use the high-level fea-
tures included in the images in the form of scene text to guide the VQA process, and
includes highly variable questions and answers, which presents a challenge for existing
VQA techniques that predicts the answer from the set of the most common answers. In
addition, the proposed metric Average Normalized Levenshtein Similarity (ANLS), has
proved to provide a smooth response to text recognition performance and to be more suit-
able for generative models than classification accuracy. In order to establish lower per-
formance constraints and gain valuable insights, we have performed a series of tests with
baseline approaches, showing the poor performance of illiterate methods. We have also
shown that adding textual information to generic VQA models can improve their perfor-
mance, but ad-hoc baselines (such OCR-based, which do include contextual terms) may
outperform them, highlighting the necessity for better methods. The proposed method
MMGrid enables to jointly reason about the textual and visual modalities in the scene
by using an attention mechanism that pays attention to multi-modal grid characteristics.
From the experimentation and ablation analysis, we have shown that focusing on multi-
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modal characteristics is preferable to focus separately on each modality. The grid pattern
we have chosen and the decision to use a one-stage item detection backbone rather than
a classification one, turn out to be excellent choices for this task. Furthermore, we have
demonstrated that the proposed model is adaptable enough to be paired with a traditional
VQA model to produce cutting-edge results on mixed datasets that contain questions that
cannot be directly addressed using OCR tokens.

In chapter 5, we have brought VQA to the documents domain, using natural language
questions as an interface to unify different information extraction tasks, and providing
an end-purpose to the document intelligence field driving the information extraction task
on the required information. This has also opened another entire research line which
have gathered a lot of attention from both the academic and industry sides. For this, we
have created the SP-DocVQA dataset, and conducted a thorough analysis of the proposed
dataset, showing that ST-VQA methods underperform on this dataset, which has images
with many more text instances, and the fine-grained position and layout understanding
is more relevant. Moreover, the bottom-up approach of the visual features may not be
the best choice, as there is no element such as objects in documents, and this part of the
methods becomes irrelevant. Instead, pretrained language models that focus on modelling
the language and the interactions between the different words perform significantly better,
even though they use simple 1D spatial position embedding and ignore the visual features.
However, the impact of visual features on industry scanned documents is limited, and the
dataset lacks of non-extractive questions, which can be seen as a limitation of the dataset.

In chapter 6, we have utilized infographic images to create the InfographicsVQA dataset,
where the position and visual information are essential to answer the questions. This
underscores the value of the dataset as an excellent tool for effectively evaluating the
capabilities of multimodal methods in DocVQA. Through the experiments conducted,
we demonstrated the limitations of state-of-the-art methods at the time, particularly in
providing answers that required reasoning about multiple locations within the image or
performing arithmetic operations. These type of questions and the intensive require-
ment of multimodal features made InfographicsVQA a more challenging dataset than
SP-DocVQA. While we were able to demonstrate the value of spatial features in this task,
we couldn’t showcase the impact of visual features due to the complexity of extracting
meaningful information from icons and colored entities. However, subsequent work, such
as TILT [161], has validated the importance of visual information and modalities fusion
during pre-training tasks, as employed in our adapted LayoutLM method.

In chapter 7, inspired by real applications where multiple documents are analyzed at the
same time, we have applied VQA over a whole collection of single page documents, and
created the retrieval-answering DocCVQA task and related dataset. Through the con-
ducted experiments of the proposed methods, we have shown that simple word spotting
along the different documents to find the relevant ones is not enough, since the complex
questions posed in natural language contains complex clauses such as negation, conjunc-
tion or disjunction conditions. Moreover, we have shown that DocVQA methods still
have a large gap for improvement, as an ad-hoc method based on pre-defined keys can
outperform them.
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In chapter 8, we have introduced the realistic multipage setting to DIAR research. For
this, we have created the MP-DocVQA dataset to perform VQA on multipage docu-
ments in a single stage (end-to-end), by extending and curating the previous SP-DocVQA.
The experiments conducted using thoroughly selected state-of-the-art methods revealed
their limitations when processing large amounts of data spanning through multiple pages
within a document, observing that even methods especially designed to handle long se-
quences, such as Longformer or Big Bird, struggle to answer questions located on the
latter pages of the documents. In contrast, our proposed Hi-VT5, which can process up
to 20,480 tokens without increasing the model’s complexity, outperforms the rest of the
methods with a consistent performance regardless of where the answer is. This proves
the excellent choice of setting the encoder and decoder of the model in a hierarchical
paradigm, and the use of the [PAGE] tokens to embed the most relevant information of
each page given a question. Moreover, the answer page prediction module of the Hi-VT5
can help to identify the source of the errors in incorrectly answered questions or possible
learned biases.

Overall, we have demonstrated the crucial role of text in understanding natural scenes,
and we have employed the VQA paradigm to showcase its potential as a natural language
interface for document intelligence tasks. Furthermore, we have highlighted the signifi-
cance of 2D spatial representation in these tasks, which becomes increasingly relevant as
the layouts become more complex, allowing for a better association among closely located
or particularly aligned words. Additionally, we have explored the application of VQA on
multiple images, highlighting the necessity of creating methods capable to efficiently pro-
cess large document collections, which would result into significant time savings for users
utilizing its application in real-world scenarios.

9.2 New Directions

The current trend in Computer Vision and Natural Language Processing revolves around
scaling, both in number of parameters and volume of data, using billion parameter meth-
ods trained over almost all accessible Internet content. This trend is exemplified by
the Large Language Models (LLM) GPT-3 [22] or T5 [166] from the language side,
ViT [44] and its variants from the vision side [11, 206, 207] and also the multimodal
Vision and Language CLIP [164] and GPT-4 [156], which are trained by joint represen-
tations with contrastive loss from hundreds of millions of image-text pairs. Moreover,
many works [32, 74, 75, 101, 116, 120, 133, 192, 197, 200, 208, 234, 240] have later
combined the success of previous other LLM to create new variants and perform multiple
tasks at the same time. However, LLM require such amount of computational resources
that makes them infeasible for certain situations, like embedded systems or devices in a
distributed Internet of Things setup. More importantly, not all applications dispose of vast
amounts of available data. Therefore, the ability to adapt to new concepts or tasks with
limited data, not only reduces the cost of collecting new data, but may be a necessary
requirement for the given task. For instance, detecting and understanding rare diseases,
or training a VQA system on an under-represented language or domain, may dispose of
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limited available data. In such cases, an AI capable of discovering meaningful patterns
within the limited data would greatly benefit the society.

The recent advancements and widespread adoption of AI in real-world applications, cou-
pled with the increased accessibility to AI technologies for the general public, have raised
significant concerns within society and authorities regarding the protection of privacy for
sensitive data. This, linked to the aforementioned increased use of data to train the models,
underscores the critical need for robust regulations and ethical frameworks to safeguard
sensitive information and ensure responsible AI development. An information-retrieval
system arranged as a VQA method following the paradigm of using NLP as interface,
that operates in a real environment may need to process confidential medical records, fi-
nancial information, personally identifiable data, as well as critical industry information
of a company such as prices, stock, or customers details, which are susceptible to unin-
tentional disclosure, data breaches, unauthorized access, and also the potential target for
malicious attacks that exploit the data used to train AI methods. This growing concern
emphasizes the need for privacy preserving methods [46], and urge the differential privacy
community to move from toy and synthetic problems to more realistic ones, while the rest
of the community, need to start integrating such algorithms, as safeguarding sensitive data
will become an imperative requirement, and its importance will only continue to grow in
the near future.

Furthermore, there has been a growing demand over the past few years to attain a deeper
understanding of ML methods, which has significantly increased with the adoption of
Transformers as the main backbone [211]. We firmly believe that explainability and in-
terpretability must be regarded as critical aspects in future research, further amplified by
the aforementioned widespread use of AI in real-world applications, and particularly in
models deployed in critical scenarios. While we start addressing this problem through
the answer page prediction sub-task in Chapter 8, there is still a lot of work to do in this
direction to build more robust and interpretable methods.

Finally, the remarkable capability of recent methods to generate highly realistic text and
images presents challenges in discerning between genuine and artificially generated con-
tent, which can contribute to the dissemination of misinformation or malicious activities.
These AI-generated images will soon reach document field also, creating hard to identify
forgeries or completely new documents, with potential malicious uses such as asking for
fraudulent refunds, fake contracts or even fake signed certificates or letters that may make
appear a person guilty of a crime. Thus, with the AI document information extraction
systems such as VQA, realistic generated images and documents will pose new threats
that will need to be tackled. For this, there is an urgent need for collaboration among
various stakeholders within the community to engage in discussions regarding the ethical
implications, conduct further research to deepen our understanding of ML methods, and
implement appropriate regulations and security measures to address these concerns.
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