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Abstract

Graphs are a natural representation of the patterns we glimpse in the world as we
perceive it. The data as we receive it from nature is not only a set of objects but
also a group of informative interactions within them. Thanks to this remarkable
expressiveness, graphs have achieved ubiquitous prominence beyond mathematics
and have permeated various scienti ¢ domains, including Document Understand-
ing. Documents have a precise and rather complex structure: the objects found
within them can take on di erent meanings depending on their positioning and/or
their mutual relationships. These reasons elected graphs as an adequate framework
for leveraging structural information from documents, due to their inherent repre-
sentational power to codify the object components (or semantic entities) and their
pairwise relationships. The recent success of Geometric Deep Learning as well as
Graph Neural Networks has enabled the development of state-of-the-art methods
based on these architectures, which have made it possible to Il the gap between
theoretical foundations and practical applications. Through a graph-based ap-
proach, our work tackled several Document Understanding tasks, trying to meet
some of the limitations we found in this context, contributing with novel frame-
works, data collections and augmentation techniques. The aim of this dissertation
has been an attempt to connect our publications under one consistent narrative to
support our hypotheses and, in particular, to connect graphs and documents un-
der a common intersecting de nition we referred as graph document representation.
Starting from a general overview of how documents met graph theory, we delve into
more speci ¢ details about the implementations of our research questions, both for
structured objects, such as tables, and whole document pages.

Keywords - Document Understanding, Geometric Deep Learning, Table Extrac-

tion, Document Layout Analysis, Key Information Extraction, Data Augmenta-
tion, Pattern Recognition
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Chapter 1

Introduction

Wise as you will have become, so full of experience,
you'll have understood by then what these Ithakas mean.

C. P. Cavafy

Automated document analysis has always captured the interest of re-
searchers and companies. The former is because they are attracted to the
multi-faced challenge introduced by this topic, involving the use of computer
vision and natural language processing techniques. The latter, on the other
hand, because massive production of documents, whether born digital or
not, requires huge human supervision that is very expensive both in terms of
time and money, as well as prone to errors. That is why, over the years, re-
search interest regardingDocument Understanding (DU) has advanced
steadily, by proposing increasingly cutting-edge solutions. By using the term
DU we would like to encompass in this dissertation the various terminolo-
gies, applications and solutions associated with the use of computer vision,
machine learning and deep learning techniques for the automatic analysis
of documents, changed through the years. The term Document Analysis
and Recognition (DAR) [95] has been the most widely used, including the
application of heuristics and/or statistical machine learning techniques to
applications such as document segmentation, reading order detection, and
Optical Character Recognition (OCR). Now that research has advanced es-
pecially for understanding visually-rich documents exploiting deep learning
methods, the term Document Al [32] started to be adopted, mainly referring

1



2 Introduction

Figure 1.1: Document Understanding challenges. (images taken from RVL-
CDIP [60], XFUND [156] and DocLayNet [110].

state-of-the-art advances in tasks such as Document Layout Analysis (DLA),
Key Information Extraction (KIE), Document Visual Question Answering
(DocVQA), Table Extraction (TE) and Document Classi cation (DC). Fi-
nally, as outlined by two recent benchmarks [19,137], the term DU emerged
as an umbrella term to comprehensively include all the di erent aspects of
arti cial and document intelligence.

DU introduces several challenges for di erent reasons. First of all, docu-
ments are not unique entities, but they are an arrangement of objects, such
as paragraphs, images and tables, which are related to each other and can
present themselves in potentially in nite ways. The high variability in doc-
uments can be found in the following aspects, as summarized in Figure 1.1:
(i) data quality, e.g. scanned and digital-born documents require di erent
preprocessing pipelines which may highly a ect the whole DU work ow; (ii)
contents, due to di erent languages and/or scripts; (iii) di erent document
layouts, e.g. magazines, scienti ¢ papers and invoices arrange their content
in total di erent ways. Moreover, benchmarks for DU often do not cover
important real scenarios, due to privacy issues on business, medical or legal
records or multi-page documents, making the development of state-of-the-
art methods weak for scenarios where the distribution of data is di erent
from the training one [47,137] and in-the-wild applications. The majority of
datasets available for the community, given the success of deep learning tech-
nigues and SSL [9], contain a very large number of samples automatically
labelled (mainly composed by scienti ¢ papers), as opposed to small-scale
manually annotated collections. Following what is outlined in [136], a so-
lution to Il the gap between expensive annotation procedures and large
automatically labelled collections, as well as coverage of as many document



types as possible, could be the generation of synthetic data, that is still
nowadays an open problem as important as it is challenging.

DU is challenging also because it can be tackled on di erent aspects,
which results in many tasks that modern deep learning systems have to face
and solve. DC is usually the rst step among the majority of DU pipelines
since the recognition of the type of documents can give important informa-
tion for their subsequent analysis. RVL-CDIP [60] is the most important
benchmark for this task, which allowed the development and comparison
of state-of-the-art methods [81]. KIE includes understanding the relevant
information of forms [69, 156], receipts [67] and invoices [53]: e.g. dates,
addresses and names of companies and customers, total paid in transactions
of a certain type, and so on. In addition, question answering [99, 130] has
emerged as an extension of the KIE task principles, where a natural language
question replaces a property name. In this case Transformers [135,138] are
holding the most competitive results. TE is also a very important task re-
lated to those already listed, yet of such importance that it can be considered
separately. The literature has expressed itself with many nomenclatures to
refer to tasks addressing tables [61], but recently [131] proposed a uni ed
de nition and a new benchmark for TE. One of the rst and most important
tasks regarding documents has been de nitely DLA: it aims at automatically
nding regions of interest, such as text or gures, and, if needed, recogniz-
ing and classifying them, e.g. discriminating two blocks of text into title
or paragraph. Physically speaking, the objective is to identify homogeneous
contents (regions) in terms of coordinates, for the majority of bounding
boxes, through di erent page layouts, such as rectangular, Manhattan, non-
Manhattan, Multi-column Manhattan, Arbitrary Complex, and overlapping
(horizontally and diagonally) [14, 76]. Ranging from the early '90s up to
nowadays, it is possible to broadly divide the di erent techniques into three
groups: heuristics, statistical machine learning, and deep learning methods.
Marinai largely describes the rst two groups in [97], dividing the dier-
ent approaches depending on two criteria. The rst one refers tohow the
document is analyzed, either using bottom-up [77,103,142], top-down [101]
or hybrid techniques, depending on if the analyses start from basic doc-
ument constituent elements, such as connected components, or the whole
document. The second categorization criterium discriminate the di erent
approaches based orwhat will be analyzed, either the physical or logical
document layout [132,150]. On the contrary deep learning, also thanks to
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Figure 1.2: Document Understanding (DU) applications and Geometric

Deep Learning (GDL) tasks. Bold text and bold lines highlight the ones

we focused on in this thesis and how both applications and tasks relate to
each other.

larger available document collections [85,164], started to be involved for DLA
including Convolutional Neural Networks [63,120], multi-modal transformer-
based architectures [66,154,155] and, after the recent success@tometric
Deep Learning (GDL) [21], Graph Neural Networks (GNNS).

Referring to the latter kind of architecture, with graphs being an ex-
tremely powerful and general representation of data,DU can be backed
by graph representations  as well. These structures robustly represent
objects and relations and introduce three general types of prediction tasks
at graph, node, and edge levels [126]. Graph reasoning for document parsing
involves manipulating structured representations of semantically meaningful
document objects (titles, tables, gures) and relations, using compositional
rules. Customarily, graphs have been selected as an adequate framework for
leveraging structural information from documents, due to their inherent rep-
resentational power to codify the object components (or semantic entities)
and their pairwise relationships. Moreover, having a graph o ers accessibility
to many granularities, at node, edge and graph levels, and the ability to solve
numerous downstream tasks using a unique data representation. In this con-
text, recently graph neural networks (GNNs) have emerged as a powerful tool
to tackle the problems of KIE [27,158], DLA which includes well-studied sub-
tasks like table detection [121,122,148], table structure recognition [92,157]
and TE [49], Visual Question Answering VQA [86, 89], synthetic document
generation [17] and so on.

Figure 1.2 summarises and illustrates the many applications that can be
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handled in DU and the various tasks that are taken into account in GDL. The
subjects covered in this thesis are represented in bold. As will be described
in details in the following, the aim of this dissertation is two-fold: to connect
a selection of our scholarly publications about DU under the same narrative
strand and to connect graphs and documents under a common intersecting
de nition we refer as graph document representation

1.1 Outline, Research Questions and Contri-
butions

In this section we give an overview of the structure of this dissertation, along
with research questions (RQs) that motivated our research and a summary
of each chapter. In addition to the second one that introduces the pivotal
topics of this thesis, we have divided our work into two main parts: Part .
Structured Document Objects - where we focus our interests on struc-
tured objects of the document, such as tables; andl. Document Objects

as Page Graph Nodes - where we broaden the de nition of "document
graph representation” to the whole document, modelling the objects within
it and the relationships between them as nodes and arcs, respectively, of its
graph representation. Each part, in turn, is approached from two di erent
perspectives, from both methodological and data aspects.

Chapter 2 - How Documents met Graph Theory

DU has been the leading topic of our research, but GNNs and graph theory
played a central role. For this reason, we believe that an in-depth study
dedicated to this topic would have enriched this thesis. In particular, we

de ne a general schema shared across methods of DU to extract treocument

graph representation

Chapter 3 - A graph-based method for Table Extraction

RQ 1: How can we build a graph on top of a PDF scienti c paper,
with a particular attention for tabular object?

RQ 2: Is it possible to tackle TE at once working on a graph
representation?
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We are aware that tables in scienti ¢ papers are essential to sum up novel dis-
coveries and make research comparable. Being able to automatically extract
them, minimising structural and textual misinterpretations, is crucial. Since
the majority of publications are shared using PDFs, we propose a graphical
representation directly on them, enriching node features vectors with suit-
able representation embeddings for numerical values. Moreover, di erently
from other methods, we are able to tackle in this way more tasks at once,
including table detection, functional analysis and layout analysis.

Chapter 4 - A new dataset and a data augmentation
approach about graph representation of tables

RQ 1: How can we build a new collection for Contextualized TE,
that is an extended version of TE?

RQ 2: As for Natural Language Processing and Computer Vision,
how can we de ne a data augmentation technique directly on a
graph structure?

Tables are usually surrounded by other useful information and including
them in the learning process would result in an enrichment of the TE task.
That is why we collected a new annotated collection of data, subset of two
popular datasets for TE (PubLayNet [164] and PubTables-1M [131]), to
have multiple information altogether. The collection does not require any
further preprocessing since the information are organized in a structured
way to directly tackle Contextualized TE, an extended version of TE suited
for graph-based methods. Moreover, we propose a simple yet e ective data
augmentation technique directly on graph structures to meet real case sce-
narios such as class unbalancing and scarcity of data. To do so, we created
an automatic approach to generate di erent layouts of table through random
removal of nodes and edges and inversion of rows and columns for the task
of table type classi cation.
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Chapter 5 - A task agnostic document understanding
framework based on GNNs

RQ 1: How can we de ne a general framework to transform doc-
uments to graphs?

RQ 2: Is it possible to use such representation to tackle di erent
DU tasks?

RQ 3: Can we reduce the problem dimensionality while retaining
competitive performances?

Having already created a graph representation for a special case such as
TE for scienti ¢ publications and PDF documents, we decided to extend
this de nition by creating Doc2Graph. This framework is able to extract a
graph representation from any document, proposing suited nodes and edge
features based on multiple modalities such as vision, language and layout.
We tested Doc2Graph for four di erent tasks on two di erent benchmarks,
obtaining competitive results and greatly reducing the number of parameters
required to train the proposed algorithm.

Chapter 6 - Automatic generation of scienti c papers

RQ 1: How can we deal with the high variability in content and
layout when tackling any DU-related task?

The research community usually proposes new benchmarks and tasks to
encourage the development of novel algorithms. These latter, after huge
pretrainings, are then ne-tuned for downstream tasks and applied in-the-
wild. However, being nearly impossible to represent at training time all the
possible document representations, these systems still struggle with out-of-
distribution data. An alternative solution is to propose generative methods,
still an open problem and yet very promising. In this sense, we proposed
a customizable semi-automatic pipeline to easily annotate small collections
of documents and on top of that we use a generative layout transformer
architecture to generate multiple document pages. We tested our solution
for a DLA task, showing that a CNN-like architecture can improve nal
results with our generated data.
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1.2 Compendium of Publications

This thesis is structured as a collection and re-elaboration of publications.
Thus, each chapter is connected to one or two conference and journal articles:

~ Chapter 3: A graph-based method for Table Extraction

{ Andrea Gemelli , E. Vivoli, S. Marinai: \Graph Neural Networks and
Representation Embedding for Table Extraction in PDF Documents”,
in International Conference on Pattern Recognition (ICPR), Monteal
(Canada), 2022

" Chapter 4: A new dataset and a data augmentation approach
about graph representation of tables

{ Andrea Gemelli , E. Vivoli, S. Marinai: \CTE: A Dataset for Contex-
tualised Table Extraction”, in Italian Research Conference on Digital
Libraries (IRCDL), Bari (ltaly), 2023

{ D. Del Bimbo, Andrea Gemelli , S. Marinai: \Data Augmentation
On Graphs for Table Type Classication", in IAPR Joint Interna-
tional Workshops on Statistical Techniques in Pattern Recognition and
Structural and Syntactic Pattern Recognition (SSPR 2022), Monteal
(Canada), 2022

" Chapter 5: A task agnostic document understanding framework
based on GNNs

{ Andrea Gemelli , S. Biswas, E. Civitelli, S. Marinai. J. L. Canet:
\Doc2Graph: a Task Agnostic Document Understanding Framework
Based on Graph Neural Network”, in Text in Everything European
Conference of Computer Vision (ECCV Workshops), Tel Aviv (Israel),
2022

~ Chapter 6: Automatic generation of scienti c papers

{ L. Pisaneschi, Andrea Gemelli , S. Marinai. \Automatic Genera-
tion of Scienti ¢ Papers for Data Augmentation in Document Layout
Analysis", Pattern Recognition Letters , vol. 167, March 2023, pp. 38-
44. (Advances and New challenges in Document Analysis, processing
and Recognition at the Dematerialization Age)

{ Andrea Gemelli , S. Marinai, L. Pisaneschi, F. Santoni. \Datasets
and Annotations for Layout Analysis of Scienti ¢ Articles”, Interna-
tional Journal on Document Analysis and Recognition (IJDAR) , 2024



Chapter 2

How Documents met
Graph Theory

The image of the world around us, which we carry in our head, is
just a model. Nobody in his head imagines all the world,
government or country. He has only selected concepts, and
relationships between them, and uses those to represent the real
system

J. W. Forrester

Documents have a precise and rather complex structure: theobjects
found within them can take on di erent meanings depending on their po-
sitioning and/or their mutual relationships. Furthermore, since there are
practically in nite types of layouts, considering the structure when process-
ing the documents themselves is a crucial step for any algorithm trying to
tackle DU related tasks. In this chapter we present\how documents met
graph theory", that is, how documents started to be represented as graphs
and new solutions have been proposed to operate directly on them. To do so,
we brie y introduce graph theory and how it has in uenced deep learning,
and then we report the latest approaches and state-of-the-art methods based
on GNNs for DU.
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2.1 Graph Theory in Pattern Recognition

The origins of graph theory coincide with Leonhard Euler's work ongeome-
tria situs (\geometry of location") [40] of 1736, and its problem of the Seven
Bridges of Kenigsberg historically known in mathematics and topology. The
term graph appeared for the rst time later on in 1878, in a Nature paper
about \chemistry and algebra" [133]; but only in 1936 graph theory had its
foundation with its very rst textbook [13].

From a general de nition, a graph is an ordered pair ofobjects and rela-
tions. Formally:

De nition 2.1.1. A pair G =(V;E) is called agraph, where:

" Vs a nite set of singular elements called vertices , also known as
nodes or points;

" E is a set of unordered pairs of vertices callecedges, also known as
links, i.e. E = ff u;vgju;v2 Vg

Graphs are a natural representation of the patterns we glimpse in the
world as we perceive it. Thedata as we receive it fromnature is not only
a set of objects but also a group of informative interactions within them.
Thanks to this remarkable expressiveness, graphs have achieved ubiquitous
prominence beyond mathematics and have permeated various scienti ¢ do-
mains [126]. In the eld of chemistry, for instance, a molecule can be depicted
as achemical graph where vertices correspond to the constituent atoms of
the compound and edges symbolize the chemical bonds connecting them.
Similarly, in the domain of social networks, interactions such as "follow" and
"like" among users can be construed as @ynamic heterogeneous graptsub-
ject to evolution over time. When it comes to navigation tools like Google
Maps, weighted graphsare used to determine the optimal path between a
source and a target location.

In particular, in Structural Pattern Recognition, graphs have been exten-
sively used as a powerful tool for representing and classifying visual patterns.
The biological and geometrical structure of the brain, recognized to be very
close to graph theory [23], in uenced the experiments that were conducted
for pattern recognition, like for the pioneering Perceptron [124]. Neurons in
the visual cortex have a multi-layer structure with local spatial connectivity
and cells, also calledeceptive elds [68], that respond only when stimulated:
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Figure 2.1: Geometric Deep Learning Blueprint (taken from [21]).

simpler cells are activated for simple and local inputs, then aggregated in
more complex structures to recognise more complex patterns. These rst
insights impacted computer vision, creating one of the rst attempt of geo-
metric neural network called Neocognitron [44], an early version of modern
Convolutional Neural Networks (CNNs) [82]: the major di erence was that,

at the time, it was trained without backprop [125]. That preliminary work
was further extended by the famous 5-layer deep CNN calledleNet-5 [83],
tested on the famous MNIST dataset for the classi cation of digits. When
the new challenging benchmark ImageNet [37] came out, an urgent need for
more complex convolutional neural networks emerged to solve such a com-
plex task. One of the rst architectures developed and trained with a GPU
was AlexNet [78], which o cially started the "era" of deep learning. In
the last ten years this branch of research has seen rapid growth and several
new architectures have been proposed, such as Region Proposal Networks
(RPN) [63,120], Transformers [138], and Generative Adversarial Networks
(GANS) [54], to name a few.

Given their common geometrical structures, the zoo of all these deep
learning methods have been recently reconciled under the same terminology
and mathematical priors with the term of Geometric Deep Learning (GDL)
[21]. To formalise the GDL Blueprint (Figure 2.1) the authors are using
group theory to model:
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Figure 2.2: Architectures based on GDL principles (taken from [21]).

the symmetry structure (group) of the domain (e.g. translation
group over R? or permutation group over a graph)

its representation that will act on signals (e.g. images or node fea-
tures)

~ functions that incorporate properties of equivariance or invariance (e.g.
convolutional or message passing layers)

Together these principles provide a very general design, recognisable in every
popular deep neural network architecture, using a combination of equivariant
(preserving the structure of the domain) and invariant layers that aggregate
everything in a single output, e.g. image classi cation. These blueprints are
applied to di erent domains or geometric structures called the"5G" of GDL.:
Grids, Groups, Graphs, Geometric Graphs and Gauges. The implementation
of these principles gives rise to inductive biases that lead to some of the most
popular architecture mentioned so far (Figure 2.2).

Among all the possiblefunctions f that can be de ned and/or exploited
to work with di erent signals , the emphasis of this thesis has been posed on
graphs and Graph Neural Networks, which we introduce in the next section.
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2.2 Graph Neural Networks

The two mathematicians A. Lehman and B. Weisfeiler, inspired by chemical
cyphers developed an algorithm also known as the WL-test [149], to deter-
mine when two graphs areisomorphic, i.e. structural equivalent and with the
same connectivity despite of the order of nodes. Unfortunately, at the time
the algorithm was threaded as unfeasible, leaving this problem unsolved and
forgotten. A notable interest came back in the early 2000s with two works
that introduced the term Graph Neural Networks for the rst time [55,128],
as a generalisation of neural networks to graph structures brie y later im-
proved and aligned to more recent deep learning techniques [87].

A Graph Neural Network (GNN) is an "optimizable transformation on all
attributes of the graph (nodes, edges, global-context) that preserves graph
symmetries (permutation invariances)" [126]. To pass graph-like data to
the machine learning model, the de nition 2.1.1 needs to be updated into a
machine-readable format.

De nition 2.2.1. Machine-readable graph . Given x, 2 R™ a feature
vector associated with each nodel 2 V, a machine-readable graph is com-
posed by:

a node feature matrix X 2 RIVI ™ representing the set of nodes V
in the m-dimensional space of study;

"~ an adjacency matrix A 2 RIVil Vi representing the set of edges E
(with a,, =1 if fu;vg 2 E, ay,, =0 otherwise).

Given this representation, a GNN is a function that maps each feature
node x,, to an hidden and learnable representationh, given its neighbours
nodes' features vectorsXy, (being N, = fv2 Vjfu;vg2 Eq):

hy = (Xu; XNy)

Formally, this approach has been generally namednessage passing51],
which is quite interestingly nothing but a strong resemblance of the "graph
recolouring” heuristic approach proposed by Weisfeler and Lehman [153].
That being said, there are other possible strategies to create a GNN and,
in a recent survey [139], the author listed concisely and formally the three
main kinds of categories: (i) convolutional, the rst attempts to generalize
the success of convolutional layers over graph structures, (ii) message passing
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and (iii) attentional, nowadays the leading approaches to GDL. Despite their
slightly di erent de nition, any GNN layer is composed of a permutation-
invariant aggregator, such as sum, mean or max, and arupdate function,
e.g. a linear transformation of nodes' features and a RelLU activation. The
nearly in nite possibilities to create di erent GNNs led to the foundations
of a varied ecosystem of models [165]. Among them, some architectures have
become of remarkable importance, not only for GDL but also for document
understanding pipelines. The rst generalisations of convolution relied on
spectral approaches [22, 35]: using graph's adjacency and Laplacian matri-
ces and applying agraph Fourier transform. These methods could project
signals into the spectral domain where they could be processed using linear
operations. The rst simpli ed and scalable Graph Convolutional Network
(GCN) [75] has been proposed for semi-supervised node classi cation, nearly
equivalent to a GraphSAGE [58] with mean aggregator, in an inductive set-
ting. These two methods are still nowadays among the leading architectures
dealing with deep learning on graphs, even if attentional methods are taking
over. The Graph Attention Network (GAT) [140], inspired by the famous
transformer architecture [138], changed how hidden representations of each
node in the graph are computed, attending over its neighbours and following
a self-attention strategy. The original architecture has recently been re ned
in an extensive evaluation named GATv2 [20]: the previousstatic attention
mechanism, has been xed to bedynamic by simply applying the attention
evaluation after the nonlinearity. Finally, it is worth mentioning also Dy-
namic Graph CNN (DGCNN) [147], dierently from other approaches, is
capable of dynamically updating the set graph's interactions between each
layer.

In general, the recent success of GNNs and their rapid growth has to be
associated with at least three important factors (as also described through
the chapters in this thesis):

structure matters : either by using GNNs alone or in combination
with vision and language in a multi-modal fashion, structural and lay-
out features have become irreplaceable for any model, as well as for
document understanding [148, 155, 160];

a cheap architecture, yet e ective . Transformers have opened
both new frontiers in machine learning and the need for scalable archi-
tectures for edge devices and real-time scenarios [34]; GNNs require a
reduced number of parameters, while capable of retaining good infer-
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ence results. We particularly address this point in Chapter 5, present-
ing the Doc2Graph framework [46];

versatility : a graph allows di erent levels of granularity, opening to
the possibility of solving multiple downstream tasks with a unique rep-
resentation of the data. An example about table extraction is described
in Chapter 3.

In particular, the last point is due to the speci ¢ tasks that can be per-
formed on any graphical structure, which can be formally de ned as follows:

De nition 2.2.2. Graph-related tasks . After the application of | sub-
sequent GNN layers, the hidden representations!! (8u 2 V) can be used
at:

" node-level : to perform any classi cation / regression task, e.g. using
an MLP and a softmax / sigmoid activation function;

edge-level: aggregating nodes' pair feature vectors, to perform any
classi cation / regression task;

graph-level : aggregating all the hidden representations using a readout
function, e.g. summation, average, maximum or minimum over all
node and/or edge features, to perform any classi cation / regression
task.

As further described in the next section, having a graph representation
of a document is extremely powerful: for instance, it allows to perform doc-
ument classi cation at the graph level, document layout analysis at the node
level, and table structure recognition at the edge level.

2.3 Document structure interpreted as a graph

Statistical and structural approaches have always been the two main ways
of representing objects for pattern recognition and, in particular, document
analysis. While the rst generally makes use of vectors, the second one
prefers strings, trees and graphs, the latter being the most general form of
data structure [24]. Documents have been always seen and produced as a
precise and logical arrangement of objects in relation to each other, naturally
following a geometrical structure [59] ( the following is summarized in Figure
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