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ABSTRACT

The ability to determine the underlying document structure of Electronic Theses and Dis-

sertations (ETDs) can facilitate the development of many services. Some of these include

summarizing long documents, semantic parsing, classification, and indexing for discovery.

This thesis puts forward a bottom-up approach to segmenting ETDs and shows that LaTeX

manipulation can be used to help create meaningful data sets. The research provides two

data sets. The first contains 1,459 ETDs plus the chapter boundaries generated using our

Chapter-Segmentation Pipeline. The second is a data set containing 150 ETDs with manu-

ally labelled chapter boundaries. This research also involves training deep learning models

using our data sets. Overall, the goals of this research are to encourage researchers within

the natural language processing community to incorporate the power of LaTeX manipulation

to create more data sets, and to increase ETD accessibility.
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GENERAL AUDIENCE ABSTRACT

Electronic theses and dissertations (ETDs) are structured documents in which chapters are

major components. There is a lack of any repository that contains chapter boundary details

alongside these structured documents. Revealing these details of the documents can help

increase accessibility. This research explores the manipulation of ETDs marked up using

LaTeX to generate chapter boundaries. We use this to create a data set of 1,459 ETDs and

their chapter boundaries. Additionally, for the task of automatic segmentation of unseen

documents, we prototype three deep learning models that are trained using this data set.

We hope to encourage researchers to incorporate LaTeX manipulation techniques to create

similar data sets.
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Chapter 1

Introduction

1.1 Background

Electronic Theses and Dissertations (ETDs) contain a vast amount of knowledge that could

be focused on a single discipline or could be interdisciplinary. Each document can contain

diverse knowledge based on its discipline(s). This can also be the case with each chapter [15].

A chapter discussing the data being used can have high variance in vocabulary compared to

a chapter discussing how this data is being processed. This specificity suggests that allowing

search at the chapter level might be helpful to scholars. Revealing the underlying document

structure through identifying each chapter can help users find meaningful content within

theses, and increase accessibility at higher granularity. This thesis focuses on segmenting

these documents into chapters in an effort to increase accessibility.

Using machine learning and natural language processing, researchers have created complex

architectures that address modern research questions such as semantic processing, automatic

summarization, text classification, mining relevant information, and much more. The related

models have shown state-of-the-art results for their tasks when applied to short documents,

but they struggle with long documents [29]. These challenges come as a consequence of

limitations of deep learning with long sequence lengths [42]. One of those limitations is the

attention mechanism within deep learning models having difficulty retaining long sequence

dependencies [27].

1



2 CHAPTER 1. INTRODUCTION

There has been a lack of data sets containing documents with their chapter boundary details.

Available ETD repositories usually only contain limited metadata information such as title,

author, institution, degree, year, and abstract – along with a PDF version of the document.

ETDs divided into chapters can assist the research community. Access to more granular

content within these documents can help librarians, researchers, and students make more

specific queries. There are also many ETDs that are interdisciplinary in nature, where the

knowledge may vary widely between chapters [15].

This research explores segmenting scholarly documents such as theses and dissertations into

chapters. Access is provided to multiple data sets. This includes a repository containing 1,459

ETDs with chapter boundaries generated using our Chapter-Segmentation Pipeline (CSP),

and another data set containing 150 ETDs with manually labelled chapter boundaries. The

latter can be used as ground truth data. These data sets were created using the help of

the open-access arXiv repository. The arXiv repository provides documents as PDFs along

with the LaTeX files that were used to create those PDFs. LaTeX files were leveraged to

help collect accurate structural information of the chapter boundaries of each document.

The different ways LaTeX was manipulated in order to output chapter boundary details

and the challenges that were faced, are also discussed. This work provides a foundation

for researchers to help improve upon implemented LaTeX manipulation techniques, machine

learning algorithms for longer documents, and the integration of deep learning models to

segment new scholarly documents for more granular accessibility.

1.2 Motivation

Scholarly documents such as theses and dissertations contain valuable information organized

into chapters. All chapters are related to the overall subject matter, but each chapter may
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employ different vocabulary depending on the subtopic being discussed. The goal is to

break down theses and dissertations into chapters to reveal the underlying structure of these

documents. This can help increase accessibility to the information within these documents

and reveal interrelationships of chapters within theses.

Access to chapter-level information for ETDs can help assist users in many ways. Re-

searchers, students, and teachers can quickly search documents and specifically view chapters

to answer specialized queries. This research can increase access to interdisciplinary ETDs

that could be helpful for browsing as well. Furthermore, the Chapter-Segmentation Pipeline

(CSP) can contribute to the research within the deep learning and natural language pro-

cessing (NLP) communities. Many of the current state-of-the-art natural language models

work well on shorter documents but show poor results on longer documents. Tasks such

as automatic summarization, language modelling, and part-of-speech (POS) tagging rely on

sequences using an attention mechanism. The attention mechanism works poorly on longer

sequences as a result of vanishing gradients. Dividing longer documents into more specific

chapters can help create meaningful batches to train suitable models.

1.3 Problem Statement and Solution

The problem is how to segment a born-digital PDF file for an ETD into chapters using an

automated approach.

The first goal is to create and collect chapter boundary details for Electronic Theses and Dis-

sertations (ETDs) by manipulating source LaTeX code. To accomplish this task, a repository

containing ETDs that comes with source LaTeX files for each document was used. The La-

TeX code for each thesis must accurately regenerate the original PDF so chapter-boundary

information is 1-to-1 to what has already been published. Given an ETD, the Chapter-
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Segmentation Pipeline generates chapter-boundary details with page-ranges for each chap-

ter. arXiv’s repository [39] was used to help create this data set. An altered PDF version

is generated by modifying provided LaTeX files. This altered PDF will allow us to generate

the chapter boundary details.

The second goal is to use the results from the first goal, applied to the 1,459 ETD corpus from

arXiv, to train a deep learning model that then can be applied to other PDF files that are

born-digital ETDs. Such a high quality model then can be used to extract chapters from a

large ETD corpus, allowing further research on chapter summarization, chapter classification,

chapter topic analysis, and searching at the chapter level.

1.4 Research Questions

To address our research problem, we sought to answer the following research questions.

1. RQ1: Can LaTeX manipulation of ETDs, that are marked up using LaTeX, be relied

upon to create new meaningful data sets that aid identification of chapter boundaries?

• LaTeX is being used frequently to write scholarly documents. Can manipulating

LaTeX representations of ETDs allow us to collect important details within these

documents reliably?

2. RQ2: How well do existing methods perform in segmenting the ETD documents into

chapters?

• There exist many tools that output chapter boundary information, but the accu-

racy of these tools has yet to be explored for ETDs.
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3. RQ3: Can we create a reliable Gold Standard data set for long documents (i.e., ETDs)

segmented by chapters?

• Since there is a lack of any data set that describes the correct chapter segmenta-

tion of long documents, i.e., adds their structural information as well, it would be

incredibly useful to create one. It would be interesting to see if, using the power

of LaTeX, accurate information can be provided.

4. RQ4: Can sequence labelling techniques using deep learning be applied to documents

by labelling each page according to its chapter sequence?

• There has been a great deal of research on part-of-speech tagging within the

natural language processing community. Words in a sentence are treated as a

sequence, and each word is labelled with a POS tag. Models incorporate the

ordering information to tag each word with an appropriate sequence tag. In a

similar fashion, can deep learning models learn to label each page of a scholarly

document using chapter labels?

5. RQ5: Can the performance of a model trained on this Chapter-Segmented ETD (CSE)

data set perform well on new born-digital ETD PDF documents?

• The efficiency of a model that can segment long documents is only useful if it

can represent the vast variety of scholarly documents in the research space. Can

a segmentation model perform well on theses and dissertations it has not seen

before?
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1.5 Research Challenges

1.5.1 Lack of Gold Standard Data

There are no publicly available repositories that contain ETDs along with details of their

underlying document structures. Training machine learning models to automatically segment

long documents into chapters would require suitable labeled data. Since there is no data set

available, our challenge was to create such a data set, which we conjectured could be done

using the open-access distribution of arXiv and its provided source LaTeX files.

1.5.2 LaTeX Modifications

arXiv provides open access to over 1.8 million scholarly documents. There have been prior

efforts to manipulate LaTeX to create meaningful training data from scholarly documents

[16, 26]. These studies have used the arXiv and PubMed data sets to create high-quality

labels for the task of figure extraction. They use the additional information these repositories

provide within auxiliary files to locate figures. They modified the source LaTeX files to

output bounding boxes around the figures. Modifying LaTeX files can be tricky because of

the large number of classes and versions present within LaTeX’s typesetting environment.

We conjecture that suitable manipulation of ETDs made available through arXiv could lead

to the training data we sought.

1.5.3 Training Deep Learning Models

Given that there are not a large number of ETDs available in arXiv and given that deep

learning models must be trained with large amounts of example data, it was unclear if our
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approach would yield enough training data to build good models that could be applied to

other born-digital ETD PDF files. We conjectured that a suitable deep learning architecture

could be found that would lead to high quality models with good predictive performance on

new ETD PDF files.

1.6 Research Contributions

Our work makes the following contributions:

• Provides a new data set of 1,459 ETDs with chapter boundaries labelled using our

Chapter-Segmentation Pipeline.

• Provides a new manually labelled data set of 150 ETDs with chapter boundary labels.

• Describes modification of LaTeX files to output details while it generates PDF files at

compile time.

• Provides deep learning models that can help automatically segment new documents

into chapters.

1.7 Thesis Outline

This thesis is organized as follows:

Chapter 2 discusses background information regarding related works and prior knowledge

needed to understand this research.
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Chapter 3 discusses the background, characteristics, and origins of the data we have used.

It follows this by discussing the preparation of the original ETD PDF document using the

source files.

Chapter 4 discusses the Chapter-Segmentation Pipeline in detail. It describes the steps taken

to generate accurate chapter boundary details.

Chapter 5 discusses the data set generated by the Chapter-Segmentation Pipeline. It dis-

cusses manual inspection performed to validate the CSP’s results. It follows this by discussing

another manually labelled data set that was used to evaluate deep learning models.

Chapter 6 discusses the different types of deep learning models that were designed. It

discusses validation splits, expected inputs and outputs for each model, and the design of

experiments.

Chapter 7 discusses the results of the various experiments that were performed on the deep

learning models. It also compares the LaTeX manipulation pipeline to other segmentation

tools.

Finally, Chapters 8 and 9 conclude the thesis with limitations, conclusions that can be drawn

from experimentation, and suggestions on possible future directions.



Chapter 2

Literature Review

This chapter focuses on discussing relevant tools and techniques that have been used in this

research. The literature surveyed provides a background for the content in the following

chapters.

2.1 Deep Learning

Deep learning is a kind of machine learning that employs neural networks. They contain

input layers, one or more hidden layers, and output layers. Each layer contains nodes that

are connected to the nodes in the following layers. Nodes and their connections contain

weights and biases [25] [34]. Upon training a deep learning model, errors from forward layers

are back-propagated towards previous layers to reduce or minimize a cost function [21]. This

allows models to continually train and improve over iterations. Figure 2.1 displays a very

simple neural network with 3 nodes in the input layer, 2 hidden layers (each with 4 nodes),

and one output layer.

2.1.1 Image Features

Deep learning architectures such as the one displayed in Figure 2.1 are not ideal for tasks

with inputs whose vector representations reflect high dimensionality. Text, images, and

9
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Figure 2.1: Simple neural network architecture adapted from [11]

videos must be converted into machine-readable formats leading to smaller vectors known

as embeddings [43]. Embeddings allow representing high dimensional data in a lower dimen-

sional space. Dimensionality can be further reduced using convolutional neural networks

(CNNs). CNNs have been used to convert and extract high-level features from input data

(see additional details in Chapter 6) [24]. Thus, input dimensions can be significantly re-

duced, leading to representations that retain important information from the original data.

Figure 2.2 displays a CNN architecture extracting features from a given image. Extracted

image features can be used as inputs in other deep learning models [1, 18].

AlexNet

AlexNet [19] was first published in 2012 and became a standard for visual recognition.

It is a leading deep learning architecture containing 8 layers that can be used for image

classification tasks. It has pre-trained fully-connected layers or FC7 layers that contain

rich feature representations that can be used for object detection tasks. While it was a
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Figure 2.2: Convolutional neural network adapted from [36]

breakthrough back in 2012, there have been variations that build upon the success of AlexNet

for richer feature representations [1].

VGG

Visual Geometry Group or VGG is based on AlexNet but further builds upon it. Its name

contains the number of layers; for example VGG-16 is 16 layers deep while VGG-19 has 19

layers [35]. Its performance in object recognition models has been ground breaking. Through

transfer learning, pre-trained VGG models can be applied in analysis of new collections of

images.

2.1.2 Text Embeddings

Text must be converted into vectors to be input to a machine learning model. Text is

usually converted into embeddings that are dense vectors with a chosen N dimensions. These

vectors contain important contextual information for each word and also capture positional

relationships to other words.
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GloVe

GloVe [31] was developed by Stanford for generating word embeddings using an unsupervised

learning model. GloVe embeddings are based upon leveraging a global word-to-word count.

Pre-trained GloVe embeddings can be used and further trained for a specific task.

FastText

Facebook developed FastText for efficient word representation learning. It supports su-

pervised classification tasks or unsupervised training [7]. FastText embeddings learn word

representations using n-grams.

2.2 Tools and Services

This section discusses additional relevant tools and services.

2.2.1 File Formats

DVI

The device independent (DVI) file format is the original output file format of the TeX

typesetting program [20]. DVI files are not intended to be human-readable and are usually

converted further into something readable. pdfLaTeX [37] is a special variation of the original

TeX typesetting environment that directly converts the output into a PDF file.



2.2. TOOLS AND SERVICES 13

PDF

Portable Document Format (PDF) was first released in 1992 by Adobe. It is a file format

that can be used to represent documents and images and has provided users with an easy

way to create, share, and view documents. PDF is now standardized by the International

Organization for Standardization (ISO) and its use is widespread. It can contain links and

buttons now as well [12].

PNG

Portable Network Graphics (PNG) is a widely used standardized file format used for images

[33].

2.2.2 Text Extraction

This subsection reviews various Python [41] packages that can be used to efficiently extract

text from PDF documents.

PyMuPDF

PyMuPDF was developed by Artifex Software [4]. It was designed to be an E-Book viewer,

renderer, and a toolkit for PDFs and similar formats. It can be used to load PDF documents

and extract useful information. This includes page counts and page text. It is a light-weight

package and is easy to set up. It also provides users with available metadata information on

loaded PDF files.



14 CHAPTER 2. LITERATURE REVIEW

PyPDF2

PyPDF2 is a free-to-use, open-source Python package. It provides users with the ability

to merge, split, and transform PDF documents. It also collects metadata information on

loaded PDF files and allows text extraction [13].

Tika-Python

To use Tika-Python, you must have Java 7+ installed on your computer. It is a port that

allows using Apache Tika services through a REST server. This toolkit allows users to

extract any available metadata information from various file extensions such as PDF and

PPT. It also allows users to extract text [23].

2.3 Typesetting

This section discusses various typesetting related tools and services.

2.3.1 LaTeX

LaTeX is used to typeset documents from marked up text. It has been used primarily to

write scholarly documents, but also other types of documents [20]. Authors use a markup

language to write the document, which is then generated using a TeX processor.

Common TeX distribution services include TeX Live [32], MikTeX, or even online services

such as Overleaf [14]. LaTeX comes with various templates, packages, and styles. Users are

not only able to write or insert images, but also draw equations, images, and graphs using
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Figure 2.3: LaTeX: Converting from marked up to rendered document.

LaTeX. Over the course of its lifetime, there have also been LaTeX variations developed,

which will be discussed next.

2.3.2 pdfLaTeX

The original TeX typesetting environment compiles and outputs a document into a custom

format known as DeVice Independent (DVI) format. Later, PDF formats became standard

as they allow additional features such as hyperlinks between sections. pdfLaTeX is a similar

typesetting environment, but its compiler directly outputs PDF files [37].
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2.3.3 XeLaTeX

XeLaTeX, similar to pdfLaTeX, is another TeX typesetting environment that was made to

increase compiler functionality. With its introduction, users had support of a wider range of

fonts, formats, and range of characters beyond ASCII. It can be used to write documents in

numerous languages [17].

2.4 Chapter Segmentation

This section discusses existing tools that provide segmentation capabilities. Section 7.1

discusses the results of segmentation using these tools.

2.4.1 GROBID

GROBID uses machine learning to extract, parse, and process PDF documents. It generates

output as XML/TEI [9] encoded documents and has been in widespread use mainly for

scholarly documents. Final XML/TEI files include metadata information, segmentation

details, and citation details [22].

2.4.2 Intelligent Core Systems

Intelligent Core Systems, or ITCORE, can process PDF files and generate structural infor-

mation such as chapters, subsections, and other textual information. It uses heuristic rules

that utilize the table of contents to generate details [2, 3]. It requires Java 7+ installed

and can be accessed either as a package or using a web application. The final outputs of

ITCORE are TEI encoded in a hierarchical structure.



Chapter 3

LaTeX Source Files

This chapter begins with an overview of the source data. It follows that with a description of

LaTeX documents and the importance of detecting each document’s main TeX file. Lastly,

it discusses generating copies of original PDFs by compiling LaTeX source files.

3.1 arXiv.org

arXiv is an open-access archive for scholarly articles. It contains over 1.8 million scholarly

articles from a broad range of disciplines [39]. These documents include information on

topics relating to physics, mathematics, computer science, quantitative biology, quantitative

finance, statistics, electrical engineering, systems science, and economics. The pie chart in

Figure 3.1 shows the number of documents in each primary category on arXiv. This data

was collected from arXiv’s free to use metadata available on Kaggle by Cornell University

[40].

Each main category has its own set of subcategories to increase accessibility for specialized

queries. The documents take the form of short articles, reports, and even long book-styled

dissertations.

17
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Category Documents Percentage
Physics 1,122,280 39.0

Mathematics 840,959 29.2
Computer Science 665,092 23.1

Statistics 119,088 4.14
Electrical Engineering and

Systems Science 58,106 2.02

Quantum Biology 45,146 1.57
Quantum Finance 19,352 0.673

Economics 6752 0.235

Figure 3.1: arXiv: Document distribution for primary categories [40]
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3.1.1 Source Files and Directory Structure

arXiv provides bulk access to uploaded documents through Amazon S3. Each document

comes with its source files and the resulting PDF file. For the creation of our Chapter-

Segmented ETD data set these source files were vital as they include the LaTeX files that

were used to generate the PDF. Previously, Virginia Tech Ph.D. candidate Bipasha Banarjee

extracted and manually verified 2,838 ETDs from arXiv. This had to be done manually

because arXiv does not include any separate definitive metadata details regarding document

type. A document could be a report, article, or thesis, for example. Since our primary

interest is creating a segmentation repository for ETDs only, her work came as a blessing.

Thus, this extracted repository was used to create the Chapter-Segmented ETD data set.

The extracted documents come in an organised directory structure labelling each document’s

folder using a key in the following format: YYMM.UniqueID. On arXiv these unique IDs

can be accessed by including a collection prefix. The list of prefixes include:

• astro-ph

• cond-mat

• gr-qc

• hep-ex

• hep-lat

• hep-ph

• hep-th

• math-ph

• nlin

• nucl-ex

• nucl-th

• physics

• quant-ph

• math

• CoRR

These prefixes were later added to the metadata for the records. Each folder contains LaTeX

source files, figures, and processed PDFs. Each folder can have a different structure. Figure

3.2 shows the directory structure for a few sample ETDs. Files highlighted in red are the

processed PDFs of each thesis or dissertation. These PDFs are often not present within the
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/

0704.0095

PolGrowth24.pdf

PolGrowth24.tex

additional.tex

BouleHeis2-eps.pdf
...

/

1405.1018

mult-arxiv-rev10.pdf

mult-arxiv-rev10.tex

Figs

fig-1.jpeg

fig-2.jpeg

/

1605.05907

Delayed_Choice.pdf

Delayed_Choice.tex

Chapters

chap-1.tex

chap-2.tex

Figure 3.2: Directory structures in arXiv bulk-access

source file and must be generated by compiling the main TeX file. They were generated

using TeX files with the same file name. We will discuss our detection process for the main

TeX file in Section 3.3.1.

3.2 LaTeX Document Structure

Before we discuss LaTeX modification, it would help to discuss the general structure of a

LaTeX file used to generate processed PDFs. Figure 3.3 shows a code snippet for a simple

LaTeX document.

Each document begins with a document type declaration as shown in line 1 of Figure 3.3.

LaTeX provides users with a number of classes to pick from, ranging from articles to books

to theses. Classes and packages allow users to create documents in various different styles.

Additional parameters such as font-size can be passed to this command to effect the overall

document. Section 3.2.1 discusses how this command helped in finding the main TeX file of

each ETD.
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1 \ documentcIass [ 11 pt ] { a r t i c l e }
2
3 % Preamble Sec t i on
4 % Here you d e f i n e the type o f document you are wr i t ing , the
5 % language you are wr i t i ng in ,
6 % the packages you would l i k e to import , and much more .
7
8 \ begin {document}
9

10 % Here you wr i t e the ac tua l content o f the document . I t can
11 % inc lude LaTeX code to d e c l a r e
12 % environments such as f i g u r e s , tab l e s , and much more .
13
14 % I f you have organ i s ed your document us ing mul t ip l e TeX f i l e s ,
15 % t h i s i s a l s o where you could
16 % import each f i l e us ing the \ inc lude { f i l ename . tex } command .
17
18 \end{document}

Figure 3.3: Sample LaTeX code snippet

The commands between line 1 and line 7 in Figure 3.3 are said to constitute the preamble

section of a document. This section allows authors to import packages that can be used

for various purposes like styling or positioning of key elements such as figures, tables, or

equations. Users can alter the behaviour of native LaTeX commands in this section. This

is also where code was inserted to manipulate behaviour during compile time to provide

chapter boundary details. This will be discussed in detail in Chapter 4.

Finally, lines between line 7 and line 15 are where users would add the contents of the

document. Users can create a variety of environments, declare sections, and much more. If

users have created multiple TeX files for different sections, this is also where they would be

imported.
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Listing 3.1: Main.tex
1 \ documentcIass [ 11 pt ] {

a r t i c l e }
2 .
3 .
4 .
5 \ begin {document}
6 .
7 .
8 \ inc lude {Chap_1 . tex }
9 \ inc lude {Chap_2 . tex }

10 .
11 .
12 \end{document}

Listing 3.2: Chap_1.tex
1 \ chapter { In t roduc t i on }
2 .
3 .
4 Contents o f Chapter 1
5 .
6 .

Listing 3.3: Chap_2.tex
1 \ chapter {Chapter 2}
2 .
3 .
4 Contents o f Chapter 2
5 .
6 .

Figure 3.4: Main LaTeX file including other TeX files

3.2.1 Main TeX File Detection

Authors using LaTeX can write the entire document in a single TeX file. However, working

with a single TeX file can make the writing process confusing. Typically, authors divide the

contents of their writing over multiple TeX files. The overall document is brought together

using a central or main TeX file. This file must contain the declarations of the document

environment as shown on line 1 in Figure 3.3. Declaration of the document environment is

imperative as the topmost environment within LaTeX.

For any kind of modification to be possible, detecting the main TeX file is crucial. It also

allows one to compile the original document. Each document’s source directory could have

varied structures depending on the original author’s discretion. Figure 3.2 shows sample

structures for 3 documents. Each document has a different organization style with additional

files and folders. When the main TeX file is compiled, it brings all these files together to

form a new processed PDF. The structure of these directories must be kept intact for any

modification to work. The main TeX file can then include other TeX files using commands

within the content section. Figure 3.4 shows a simple demonstration of this.
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While using the documentclass command to detect main TeX files for each document seems

like a straightforward solution there were a few complications that had to be addressed which

are described below.

Exceptions

DocumentStyle Command

In previous versions of LaTeX users could use a documentstyle command to declare the

environment. This is however an outdated command, and environments created using this

could not run our injected code. Since this command operates in the same manner as

documentclass, fixing this meant simply replacing the text documentstyle with docu-

mentclass.

Comments

In LaTeX, comments can be made using the % character if inserted at the start of a line. Any

text in the line after this command will be ignored by the compiler. Many of the collected

documents had comments that referenced the documentclass command. To avoid any

issues, all comments were removed using a Python script, for all TeX files.

Subfile and Standalone

LaTeX contains special parameters that could be passed to the documentclass command

that could alter the behaviour of the TeX file.

\documentcIass{subfile}

\documentcIass{standalone}

/** The "I" is a stand-in for "l" to avoid LaTeX compile issues. **/
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The subfile command can also be used to create multi-file LaTeX projects. Once users have

a main TeX file created, all sub-files can be linked to the main TeX file using this command.

The standalone parameter can be passed to create a standalone TeX file. This is primarily

used for TeX images and TeX code which can then be included within the main file. These

commands were ignored while detecting potential candidates for main TeX files by using

regular expressions.

3.3 Generating Original PDF

Generating the original PDF is crucial for the Chapter-Segmentation Pipeline discussed in

Chapter 4. As aforementioned, thanks go to fellow researcher and Ph.D. candidate Bipasha

Banarjee, for she had manually collected and verified the source files for 3118 ETDs from

arXiv. However, 280 duplicates were detected among the 3,118, so the usable set of source

files resulting numbered 2,838. This set of documents formed the basis of our research.

However, the original PDF had to be generated by compiling the source files first. LaTeX

files were preprocessed by removing all comments using Python [41]. This was done to

avoid issues when scanning for main TeX files.

3.3.1 Detecting Main TeX File

For a given ETD, its source folder were filtered for TeX files. These TeX files were scanned

for the main TeX file using the regular expressions displayed below.

(?<!\%)(?<!\%\)\\\\documentstyIe

(?<!\%)(?<!\%\)\\\\ documentcIass
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/** The "I" is a stand-in for "l" to avoid LaTeX compile issues. **/

Additionally any files declared as a subfile or standalone document were ignored using the

following regular expressions.

(?<!%)\\\\documentcIass\s?\{subfile\}

(?<!%)\\\\documentcIass\s?\{standalone\}

Table 3.1 shows metrics relating to the detection process. Any LaTeX files that used the

documentstyle command were changed to use the documentclass command instead.

Number of ETDs
Total ETDs 2,838

Detected Successfully 2,610
Failed Detection 228

Used DocumentStyle Command 131
Subfile Files Found 62

Table 3.1: Main TeX file detection metrics

As mentioned in Table 3.1, the detection scheme failed to detect the main TeX file for 228

ETDs. These also include ETDs that had conflicting results between multiple TeX files. If

the detection scheme qualified more then one TeX file within an ETD source file as a main

TeX file, they were labelled “conflicted”. Finally, only ETDs with successful detection for a

main TeX file were moved forward towards generating the original PDF.

3.3.2 Compiling Documents

This work was conducted on a machine using a Linux operating system. A full install of

TeX-Live [32] was performed to include all packages. All packages were installed to account



26 CHAPTER 3. LATEX SOURCE FILES

for any packages being used by the source files. Lastly, pdfLaTeX [37] was the TeX engine

used to compile the main TeX files. Out of 2,610 source files, 1,872 successfully generated a

file identical to the original PDF. If an ETD’s source LaTeX files fail to generate the same as

the original PDF, it is not sent forward to generate the chapter details. Table 3.2 summarizes

the list of errors encountered for source files that failed to generate the original PDF.

Error Description Files
no legal \end found Missing end } or \end of element 151

Enter file name: Missing an imported file, .sty, or .cls file 137
Over 100 Errors Too many consecutive errors 403

Error Reading Image File Faulty or missing image files 3
Please type another input file name Faulty input file 11

Need more memory TeX engine ran out memory 17
Others Abruptly ended during compile time 16

Table 3.2: Issues encountered while compiling original PDF

There were in total 738 source folders that failed to generate the original PDF. There were

many source files with faulty code or missing files.

Figure 3.5: Generating Original PDF

Figure 3.5 shows a summary of each step towards creating the original PDF for a single

ETD. Eventually, from a set of a 2,838 source files, we were able to obtain 1,872 source files

of ETDs with workable LaTeX source files.
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Chapter-Segmentation Pipeline

This chapter begins with an overview (see Figure 4.1) of the Chapter-Segmentation Pipeline

(CSP) and motivation for choosing it, after other prior attempts. Then follows a detailed

explanation of steps taken to create accurate chapter boundary details.

Figure 4.1: Chapter-Segmentation Pipeline

4.1 Overview

The Chapter-Segmentation Pipeline works by comparing the original PDF with a modified

PDF representation of it. A code snippet is inserted at the beginning of a copy of the

original TeX file. This wraps all chapter titles with special delimiters. Following this, we

use a multi-step mapping process that is discussed in the following sections to map chapter

boundaries. Figure 4.1 gives an overview of the pipeline and deliverable for each ETD. The

27
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final deliverable after post-processing includes chapter boundary details. In particular, each

chapter boundary is labelled as front-matter, chapters, or end-matter.

4.2 Motivation and Prior Attempts

Prior to our current Chapter-Segmentation Pipeline, we designed a separate pipeline that

attempted to perform the same task of segmentation using a different methodology. This

pipeline however failed to provide consistent results at scale. Our current method of seg-

mentation works better, because it additionally verifies the start of a chapter using context

text.

Working with LaTeX at scale can be tricky. Authors can use a wide variety of packages.

They can also alter the behaviour of the typesetting environments. Further, LaTeX itself has

progressively evolved throughout the years. The context text allows additional confidence

when mapping chapter boundaries. Section 5.1 discusses the results of manually inspecting

CSP generated chapter boundaries.

Another important benefit of the current CSP pipeline over the prior pipeline is its ability

to differentiate between front-matter material, chapters, and end-matter material.

4.3 Generating Modified PDF

The steps taken to generate the modified PDF are similar to those for generating the original

PDF, as discussed in Section 3.3.2. However, there is an additional step of inserting a

modification script. The modified PDF is needed to determine the chapter boundaries for

the original PDFs. Figure 4.2 shows a high-level overview towards using the modified and
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original PDF to create a JSON file containing chapter boundary details. On the left is the

modified PDF which is followed by the original PDF. The title of chapters and context (see

additional details in Section 4.4.1) are extracted. Each chapter’s title text is searched for

within the original PDF and the correct instance is verified using the context. The final

JSON deliverable comes with each chapter’s title and page number.

Figure 4.2: Generating chapter boundaries

4.3.1 Modifying Main TeX File

The main TeX files were collected previously, when compiling the original PDF. Copies were

made of the main TeX file, and the following lines of code were injected into the preamble

section mentioned in Figure 3.3. This code will modify LaTeX’s compile time behaviour to



30 CHAPTER 4. CHAPTER-SEGMENTATION PIPELINE

wrap any instance of the chapter titles with special start and end delimiters. It also forces

all chapter titles to include an enumeration before the title.

\usepackage{titlesec}

\usepackage{graphicx}

%Adding FORMATTING

\titleformat{\chapter}[display]

{\\bfseries}

{}

{0ex}

{- \\!************!\thechapter...\\}

[\\!*!!!!!!!!!!*!\\ - ]

The start delimiter !************! and end delimiter !************! can be seen in

Figure 4.3. Within these tags it also includes the enumeration of 2 (in this case) before

the title text. Such an enumeration is present for all chapter titles whether the original

author chose to include them. The added chapter enumeration label allows to differentiate

between front matter material, chapters, and end matter material. This is discussed further

in Section 4.3.3.

(a) Original chapter title (b) Modified title

Figure 4.3: Modifying chapter titles
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Figure 4.3 shows how chapter titles are modified. Keep in mind this adds additional text to

the modified PDF, which makes 1-to-1 mapping between pages impossible.

4.3.2 Compiling Modified LaTeX Files

The modified LaTeX PDF was generated on the same system setup as the original. This

was discussed in Section 3.3.2. The set of 1,872 source files that were able to generate the

original PDF were processed using pdfLaTeX [37] on a TeX-Live [32] distribution. This was

performed on a system using a Linux operating system. Before, we had experimented on a

machine using Windows which provided us with inconsistent results. PDFs would generate

for only a portion of the overall ETD before the TeX compiler would crash. Thanks to

Dr. Heath’s advice, this repository was regenerated on a Linux platform that removed the

issue. From the set of 1,872 source files, 1,812 were able to generate the modified version

of the PDF. In total 60 source files failed to generate the modified PDF. Table 4.1 shows a

summary of the errors encountered.

Error Description Files
no legal \end found Missing end } or \end of element 4

Over 100 Errors Too many consecutive errors 15
Need more memory TeX engine ran out memory 41

Table 4.1: Issues encountered while compiling modified PDF

4.3.3 Front Matter and End Matter Distinction

Arguably the biggest benefit of using this process is the additional chapter enumerations that

are included within the modified chapter title. Including these will modify even front-matter

and end-matter titles to include chapter enumerations, but since they are not actual chapters
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(a) Original FM Title
(b) Modified FM Title

Figure 4.4: Modifying front-matter (FM) element titles

they behave differently, allowing users to distinctly label front-matter, chapter elements, and

end-matter elements.

All front-matter element titles share an enumeration tag of 0 in the modified title. Figure

4.4 shows an example front-matter title and its modified representation. Figure 4.4b now

includes a 0 enumeration alongside the title. This helps create distinctions between front-

matter material and chapters. Documents can have varying front-matter material depending

on the author’s discretion.

As for elements that are end-matter such as appendices and bibliographies, there could

be two different behaviours possible. Figure 4.5 displays the first behaviour. End-matter

element titles are modified to include lettered enumerations. In the example shown in Figure

4.5, the letter A is added to the title and repeated till the last end-matter title.

The second behaviour that modified end matter titles can show are repeated enumeration of

the last actual chapter’s enumeration. Figure 4.6 displays one such example. Again, these

are all dependent upon the author’s discretion when writing documents using LaTeX. Note:

Our modification pipeline can only capture front-matter and end-matter material if it has

been declared using LaTeX’s chapter command. The capture accuracy of each distinction is

discussed in Section 5.1.



4.4. TITLE AND CONTEXT 33

(a) Original EM title
(b) Modified EM title

Figure 4.5: Modifying end-matter (EM) element titles | Version 1

(a) Original End-matter title

(b) Modified End-matter title

Figure 4.6: Modifying end-matter (EM) element titles | Version 2

The actual chapters in between will follow an enumeration ranging from 1 to n. Using these

simple heuristics it was possible to collect chapter boundaries on all ETDs and include the

type of each chapter.

4.4 Title and Context

This section discusses preprocessing and extraction of chapter titles and context. As the

delimiters are added onto the modified PDF the length of the PDF text slightly increases.
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This does not allow for consistent 1-1 mapping between the two PDFs. The size of the title

text also creates discrepancies in words that are split over lines or new pages. This difference

is also observed within chapter titles. A small but crucial step in preprocessing is to remove

the hyphen between any words that are split between lines. Note: Words that normally

contained hyphens are not corrected. Using a Python package PyMuPDF [4], the text

from both PDFs was extracted.

4.4.1 Extraction

Python [41] is used to search the text of the modified PDF for all start delimiters. All text

between the start and end delimiters is extracted along with the chapter enumeration. While

extracting the title of the text, additional text immediately following the title text is also

extracted as ground truth context. As an example, Figure 4.7 shows a title and the text

following it. The length of extracted ground truth context is discussed in Section 4.4.2.

Figure 4.7: Chapter titles and context
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The enumeration is separated from the title to categorize the type of chapter. The chapter

titles and ground truth context are collected and organized in the order they are found within

the modified PDF. While the length of the PDF may be altered by applied modifications,

the ordering of chapters is preserved between the original and modified PDF. Figure 4.8

shows an organised set of titles from a sample ETD.

Figure 4.8: Organising chapter titles and ground truth context

Additionally, Figure 4.8 also shows processing of chapter enumerations to qualify chapter

types. The contents chapter is qualified as front-matter, Introduction is qualified as Chapter

1, and so on. The title text and context text are then used for mapping, which we discuss

in Section 4.5.

4.4.2 Context Length

The number of characters to choose to include in the context extracted following the title

was difficult to determine. There is a difference in semantics between front-matter material,

chapters, and end-matter material. If the context length is too short, it may lead to a faulty
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Figure 4.9: Special ETD format can make short context ambiguous

mapping that refers to the wrong pages in the original PDF. To demonstrate this, Figure

4.9 shows an example thesis with a special format. Each chapter begins with an outline of

the sections within it. This creates confusion during the mapping process as the title text

appears to have the same context at two different locations within the PDF, i.e., one within

the table of contents and the latter at the actual chapter start. In this case, too short of a

context could lead to incorrect mapping.

There were also issues with having the context be too long. Too long of a context incorrectly

assigned the label for the start of a chapter to a page before the actual chapter start.

Sometimes authors will refer to the following chapter at the end of the prior chapter. Figure

4.10 shows one such example. The chapter title Communication Complexity is referred to
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on the prior page. If the context length was long there could be a high amount of overlap in

context.

Figure 4.10: Consecutive pages in an ETD

Depending upon the case, this could result in an incorrect decision for a page before the

actual chapter start. Note: Context is extracted across pages. Some ETDs do not start

chapters on new pages.

Issues with larger context were observed less in comparison to the issues with shorter context.

To deal with these issues, we decided to extract the context dynamically.
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Dynamic Length of Context

To deal with the issues encountered above, the Chapter-Segmentation Pipeline extracts the

following context of chapters dynamically. To perform this, a set of 20 ETDs where the CSP

generated correct chapter boundaries, was inspected for their context. We calculated that

the percentage of alphanumeric characters within the total context length was roughly 70%.

This was to deal with conflicts that could arise with title instances found in sections such as

table of contents. Note: We conducted a study to potentially qualify the table of contents

based on the extracted title text. This turned out to not be as trivial to qualify based on

terms. We found a larger then expected variation in the way it can be named including

terms from other languages.

Front-Matter or End-Matter Elements

For elements in front-matter or end-matter, static context of 400 characters in length was

extracted. Roughly it would have the same length as the lorem ipsum passage shown below.

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt

ut labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation

ullamco laboris nisi ut aliquip ex ea commodo consequat. Duis aute irure dolor in rep-

rehenderit in voluptate velit esse cillum dolore eu fugiat nulla pariatur. Excepteur sint

occaecat cupidatat non proident, sunt...

Actual Chapters

For actual chapters a static context of 400 characters is first extracted and compared with

the 70% threshold of alphanumeric characters. It grows in length until the alphanumeric

threshold is met. It would not exceed 800 characters to avoid having too long a context.
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4.5 Mapping Start of Chapters

The Chapter-Segmentation Pipeline maps the collected chapter titles by searching for the

instance of each title in the order that it collected them. Pages prior to the last found chapter

start are not considered while searching for the next chapter title. It will however search for

chapter titles on the same page and beyond. There are ETDs in our collection that are 30

pages or under, with short chapters.

Figure 4.11: Page character index-range

1 {
2 0 : (0 , 250) ,
3 1 : (250 , 254) ,
4 2 : (254 , 1725) ,
5 3 : (1725 , 2498) ,
6 4 : (2498 , 3798) ,
7 . . .
8 }

It validates each chapter label using the context collected for each. As aforementioned, the

context can span over a page break into the next page.

For this purpose a dictionary is created for the original PDF. It contains the progressive sum

of the total characters in each page. The original text is extracted using PyMuPDF [4] as

one long text.

4.5.1 Search and Validation

The full text of the original PDF is searched for a given chapter title and the found instances

are collected. This implies there could be multiple found instances of each chapter title as

shown in Figure 4.12. The title of a chapter can easily be referred to in other places.
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Figure 4.12: Collecting chapter title instances

For each occurrence, additional text is extracted that has the same length as the ground

truth context. The second step involves comparing the ground truth context text with

the following text of each occurrence.

The context is compared using cosine similarities between the two texts. The instance with

the highest similarity is chosen as the correct instance of the chapter label as shown in Figure

4.13. If the highest similarity is less then 80%, the CSP will fail in the segmentation, as

confidence in the context is not sufficient.

4.5.2 Final Segmentation Results

In total, we had 1,812 ETDs that were able to generate both the original and modified PDF.

This set of ETDs was inserted into the Chapter-Segmentation Pipeline which was able to

generate chapter boundary details for 1,459 ETDs using source files. A JSON with the
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Figure 4.13: Verifying correct instance using context

collected chapter titles and the corresponding page numbers in the original PDF is created

for each ETD. This JSON is shown in Figure 4.2.

The algorithm box in Figure 4.14 shows the step-by-step processing the CSP takes to generate

chapter boundaries of a single ETD. The following chapter discusses the Chapter-Segmented

ETD data set created using this pipeline. Note: If either condition marked in green is false,

the CSP halts segmentation and returns void for an ETD.
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Figure 4.14: Chapter-Segmentation Pipeline algorithm flowchart



Chapter 5

Chapter Segmented Data Sets

This chapter discusses the data set generated by the Chapter-Segmentation Pipeline (CSP).

This data set was also used to train deep learning models that are discussed in the following

chapter. Following this, it discusses a manually labelled data set. This data set is relatively

small containing 150 ETD(s) with their chapter boundaries. The data set was used for the

purposes of evaluating the deep learning models and comparison with other segmentation

tools.

5.1 Manual Inspection

To verify the results of the Chapter-Segmentation Pipeline, numerous criteria were formu-

lated. For each criteria, the outliers (top 3%) of papers were collected, which equated to 46

ETDs for each criterion.

1. High number of chapters: Above 17 chapters.

2. Low number of chapters: Between 2 and 5 chapters.

3. Short documents: Less than 37 pages in length.

4. Long documents: Above 254 pages in length.

5. Last chapter is unusually long: Last chapter is 27 pages or longer.

43
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6. High number of chapters when compared to document length.

7. Low number of chapters, but long documents.

8. High number of chapters for long documents.

Among the set of 46 ETDs collected for each criterion, 10 ETDs were randomly sampled

and inspected. In total this was 80 ETDs. If there were any ETDs with overlap with other

criteria, another random sampling was performed to select its replacement in the same set

of outliers.

Figure 5.1: Validating generated page numbers

For each of these ETDs the generated chapter boundaries were inspected by manually veri-

fying each auto-generated label as shown in Figure 5.1. No errors were found by manually

inspecting the page numbers of each of these auto-generated labels.

The last test validated the page numbers of the auto-generated labels. Additionally, we

verified the capture accuracy. This relates to the number of chapters within front-matter,

chapters, and end-matter, as shown in Figure 5.2.
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Figure 5.2: Comparing manually labelled vs. auto-labelled

This was performed by extracting a set of 35 ETDs that the CSP had auto-generated labels

for. Another set of chapter boundaries were manually labelled for comparison. The results

of comparing the two JSONs are shown in Table 5.1.

Chapter-Segmentation Pipeline chapter accuracy
Chapter type Missing 1 Chapter Missing 2 Chapters Missing 3 Chapters
Front-matter 8 10 2
Chapters 0 0 0
End-matter 4 0 0

Table 5.1: Inspecting CSP capture accuracy

Table 5.1 displays the capture accuracy of the different types of chapters between front-

matter, chapters, and, end-matters. The CSP shows a perfect capture accuracy for actual

chapters, but shows less capture accuracy for front-matter and end-matter material. As

mentioned earlier in Section 4.3.3, elements in front-matter or end-matter can be initialized

using special packages. Our pipeline needs the chapters to be initialized using LaTeX’s



46 CHAPTER 5. CHAPTER SEGMENTED DATA SETS

chapter command. We manually labelled dedications, acknowledgements, or dedications as

chapters but these can often be initialized using other commands. This is reflected above as

the CSP fails to capture often between 1 or 2 chapters within front-matter material. Since

our research focus has been capturing chapters, we proceed with these results.

5.2 Collection Overview

This section discusses various characteristics regarding the Chapter-Segmented ETD (CSE)

data set that was generated as a result of the segmentation pipeline. In total the CSE data

set contains 1,459 ETDs. The pie chart in Figure 5.3 shows the primary category distribution

in the generated set. The collection has a similar distribution of categories as arXiv’s overall

category distribution.

Each ETD’s folder retains the original arXiv directory structure and files as shown in Fig-

ure 3.2, but with new additional files. The important new files are the chapter boundary

JSON files, original PDFs, and modified PDFs. Each PDF (including the original) has been

generated by compiling provided source LaTeX files using pdfLaTeX [37].

The collection contains ETDs from 2007 to 2022. Figure 5.4 shows the number of documents

for each year in our repository. These are not by publication date, rather by last updated

dates as users on arXiv can update submissions. arXiv still retains previous versions after a

user updates their document(s).

5.2.1 Document Statistics

This section discusses various statistics regarding document properties and generated chapter

boundary details. For instance, the average number of chapters for documents in the repos-
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Category Documents Ratio
Physics 810 55.6%

Mathematics 470 32.2%
Computer Science 162 11.1%

Statistics 7 0.48%
Electrical Engineering and

Systems Science 1 0.068%

Quantum Biology 5 0.343%
Quantum Finance 4 0.274%

Figure 5.3: CSE data set: Document distribution for arXiv primary categories

itory is 6 chapters. Figure 5.5 shows box plot distributions of chapter-starts in front-matter

material, chapters, and end-matter material. The Y-axis shows the number of chapter-starts

in each.
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Figure 5.4: ETDs by last updated year

Figure 5.5: CSE data set: Comparison of chapter distributions

The maximum number of chapters in a single ETD is 23. The average length of chapters in

this ETD is 7 pages which is relatively low in comparison to the global average of 19 pages.

There is also an ETD with 19 elements as end-matter material. In this ETD, each chapter

contains a citations page for references used in that specific chapter. Our pipeline qualifies

each as end-matter material regardless of its positioning in the document. There are many

other documents in our repository that have been written in a similar style as this one.

Table 5.2 shows a few important statistics regarding the overall ETD segmentation data set.

The average length of front-matter elements is 3 pages. This makes sense however. Front-

matter elements such as Table of Contents, Table of Figures, and Prefaces are generally 1-3
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Characteristic Values
Average no. of Chapters 6 chapters
Average no. of Pages 127 pages
Average Chapter Length 17 pages
Longest ETD 450 pages
Shortest ETD 6 pages
Highest No. of Chapters 20 chapters

Table 5.2: Chapter-Segmented ETD data set statistics

pages long. Further research was done to see if the length of an ETD has a higher correlation

with the length of a chapter or the number of chapters. The scatter plot in Figure 5.6 shows

the length of a chapter has a positive correlation with the total document length. The green

line shows the correlation between total number of chapters and total document length,

which shows little to no correlation. This shows longer ETDs generally have longer chapters,

not more of them.

Figure 5.6: Document length vs. Avg. length of chapters

5.3 Manually Labelled Data Set

The documents that were successfully segmented using our second LaTeX modification

pipeline discussed in Section 5.2 were chosen to train the deep learning models. Section
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5.1 discusses the validation process for the overall data set generated through the segmen-

tation pipeline. To properly evaluate the segmentation pipeline and deep learning model

performance, a manually labelled data set of 150 ETDs was created. Chapter boundaries

of each document were manually labelled. Chapter-starts are distinctly labelled between

front-matter material, chapters, and end-matter material. This provides a reliable way to

judge the performance of the deep learning models and compare the segmentation pipeline

with other chapter segmentation tools such as GROBID (see Section 7.1).

5.3.1 Collecting ETDs

For the purpose of wider representation of ETDs, we collected ETDs from two separate

sources. The first was arXiv, which has a limited number of disciplines (see Section 5.3).

The latter were provided by Bipasha Banarjee and they were collected from Old Dominion

University’s (ODU) corpus of ETDs from around the USA. The ODU corpus contains a

collection of some 500,000 ETDs. These were collected without any restrictions on discipline

which allowed us to have a wider representation of ETD subjects.

Prior in Section 3.1.1, we mention the works of Bipasha Banarjee. She collected and manually

verified 2,838 ETDs from arXiv. We randomly sampled the unique IDs in this subset (as

they are verified as ETDs) and selected a total of 100 ETDs. This created an overlap of 29

ETDs with our overall segmentation data set (1,459 ETDs). During deep learning training

stages, overlapping ETDs were filtered out of the training and validation sets to keep the

testing data set unique. Thus, only 1,430 ETDs were in either the training or testing set.

Table 5.3 displays the categories and total document count collected from arXiv.

Additionally, a total of 50 ETDs were collected from ODU’s corpus of ETDs through random

sampling. Refer to Table 5.4 for categories and document counts.
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Discipline No. of ETDs
Physics 60
Mathematics 31
Computer Science 9
Total 100

Table 5.3: ETDs collected from arXiv

Thus we could evaluate our deep learning models separately on the 100 ETDs from arXiv,

and on the 50 from the ODU corpus. These results are discussed in Chapter 7.

5.3.2 Category Distribution and Document Statistics

Discipline No. of ETDs
Mechanical Engineering 14
Electrical and Computer Engineering 10
Bio-engineering 6
Statistics 4
Environmental Engineering 4
Education 3
Physics 2
Computer Science 2
Aerospace Engineering 2
Architecture 2
Geography 2
Chemical Engineering 1
Total 50

Table 5.4: ETDs collected from ODU’s corpus

Refer to Table 5.3 and Table 5.4 for primary category distributions of ETDs within our

manually-labelled dataset.

Figure 5.7 displays the distribution of Chapters, Front-Matter element starts, and End-

Matter element starts in the manually labelled data set. The average document length for
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Figure 5.7: Comparison of chapter distribution

the collection of ETDs in the manually labelled data set is 142 pages containing on average

6 chapters. Table 5.5 displays various statistics regarding the collection.

Characteristic Values
Mean Number of Pages 142 Pages
Mean Chapter Length 20 Pages
Mean Front-Matter 2 Pages
Mean End-Matter 11 Pages
Longest ETD 340 Pages
Shortest ETD 24 Pages

Table 5.5: Collection statistics for manually labelled data set

Figure 5.8 shows a correlation analysis between total page length and length of chapters. The

dark blue regression line displays the correlation trend between ETD lengths and the length

of chapters within. The green however displays the correlation between the total number

of pages and the number of chapters. These results are consistent with results discussed in

Figure 5.8 for our generated data set. The length of a document has a positive correlation

with the length of its chapters. Thus, longer ETDs tend to have longer chapters instead of

more chapters.
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Figure 5.8: Manually labelled data set: Document length vs. Avg. length of chapters



Chapter 6

Deep Learning Models

This chapter discusses the machine learning and deep learning models that were trained

using the Chapter-Segmented ETD data set. A description of the features is discussed first,

including how page images and page text were preprocessed using embeddings. The chapter

next discusses the design of deep learning models that were used. That is followed by a

description of the training setup, including the input splits. Finally is an explanation of the

evaluation metrics used to assess the models.

6.1 Overview of Models

The deep learning models were designed to learn page sequences by tagging chapter bound-

aries. The code for the deep learning models was inspired by the architecture of Part-of-

Speech taggers, particularly by the works of Ben Trevett and Antonio Sejas for POS tagging

using PyTorch [38]. Pages in each ETD were treated as sequences and each page was tagged

with its respective distinction such as front matter section starts, chapter-starts, and end-

matter section starts. This was possible as ETDs often organize material in each of the

sections with similar contents. Sections such as the table of contents usually only exist in

front-matter material, while appendix sections will be included in end-matter material. The

deep learning models were tested as single input models (text or image) and combined input

models (text and image) to make comparisons.

54
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6.2 Feature Descriptions

For the deep learning models, each page is an element in a sequence tagged by its qualifying

distinction. For each page, images (visual) and text (context) were considered to be valuable

inputs to our models. This section discusses how image features and converted text were

transformed into pretrained embeddings.

6.2.1 Page Image Feature Extraction

Transformations

Much of the work was inspired by alumnus Sampanna Kahu’s efforts with figure extraction

[16]. Since the Chapter-Segmentation Pipeline was able to only generate chapter bound-

aries for 1,459 documents, transformations were necessary. PyTorch [10][28] was used to

implement image-based transformations using its transformation library which resulted in

the following transformations. Note: Transformations did not alter or increase the size of the

training set. Thus, each original page in the 1,459 documents was changed to a new page,

by applying each of the three following random transformations, and then the new page was

used in training of a deep learning image-based model.

• RandomAffine Rotations (-5, 5): It is possible that scanned ETDs might have tilt

in scanned pages. Adds slight random rotation to each image. See Figure 6.1.

• GaussianBlur (sigma = 0.5): A certain degree of sharpness can be lost while digi-

tizing physical hard copies. Randomize resolutions of page images to allow smoothing.

• RandomAutocontrast: 0.5: Given an image this will randomize the contrast slightly

on all given pixels.
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• RandomPerspective: 0.025: While scanning hard-copies, it’s possible ETDs might

be stretched. This adds a slight degree of random yaw to each page image.

Feature Extractions

Image features were extracted using VGG16. VGG16 is a convolutional neural network that

is 16 layers deep [35]. VGG16 has been trained on a varied set of images and has a rich

feature representation for a wide range of images. VGG16 can also be trained for specific

classification tasks. Since the work specifically requires ETD page images, VGG16 was fine-

tuned for ETD page images. Generic feature images for page images were extracted from

VGG16’s penultimate layer, which is also known as the FC7 layer. See Figure 6.2.

6.2.2 Text Embeddings

The text was converted into embeddings using pretrained libraries of GloVe [31] and fastText

[7] so as to compare the performance of each. These embeddings were further trained for this

task as well. To reduce computational complexity, only the first 250 words of each page were

used. Text was preprocessed using the following steps before converting into embeddings:

• Removal of new line characters.

• Removal of any punctuation.

• Tokenization using PyTorch’s tokenizer [28].

Following tokenization, text was converted using the following different pretrained embed-

dings and used for separate experiments.
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Figure 6.1: Sample page image transformation
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Figure 6.2: VGG16’s FC7 layer for feature extraction
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• GloVe: glove.6B.100d [31]

• fastText: cc.en.300.bin (converted to 100d) [7]

6.3 Single Input Models

6.3.1 Image-only Sequence Tagger

Figure 6.3 shows an overview of the first deep learning model’s data flow. In this model,

only the page images are being used as an input. All pages in ETDs are converted into page

images as PNGs using a Python package pdf2image [5]. Then transformations were applied

as in Section 6.2.1. These page images are organized into a sequence where each element is

tagged with its sequence label. The data set was partitioned according to a standard 80/20

split, leading to training with 80% and validation with 20%. Before performing the split any

ETDs that were included in the Manually Labelled data set were removed to avoid overlap

(29 ETDS). Refer to Section 5.3.2 for more details on our Manually Labelled data set. The

training set contained 1144 documents while the validation set contained 286 documents.

Refer to Figure 6.4 for a detailed description of the architecture of the Image-only model

architecture. Pages are treated as images in a sequence similar to frames in a video. Features

are extracted from the pretrained VGG16 which are inputs to the Bidirectional LSTM. The

results of the model training are discussed in Section 7.2.

6.3.2 Text-only Sequence Tagger

The Text-only model has a similar design as the first deep learning model shown in Figure

6.3. This model embeds the text of each page into pretrained embeddings discussed in
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Figure 6.3: Image-only sequences: Data-flow diagram

Section 6.2.2. It follows this by extracting the features of the embedded text from each page

using the CNN architecture of the VGG16. Note: The pretrained model weights of the

VGG16 were not initialized. The features of each page text are inputted as a sequence in

a Bidirectional LSTM. Refer to Figure 6.5 for the architecture of the Text-only model and

Figure 6.6 for a data-flow diagram.
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Figure 6.4: Image-only sequence tagger: Model architecture

6.4 Image and Text Sequence Tagger

The final model is our combined input model that includes each page’s image and text

features as sequence elements. The data flow diagram for this model is shown in Figure

6.7. Similar to the first data flow diagram, ETDs are converted into a sequence of PNG

images of each page. Then transformations were applied as in Section 6.2.1. Features

are extracted from each page image using VGG16. The text is embedded using various
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Figure 6.5: Text-only sequence tagger: Model architecture

embedding techniques as described in Section 6.2.2 and its features are extracted using a

separate CNN. The image features and text features are then combined using a linear layer.

The design of the combined model is displayed in Figure 6.8. This model builds upon the

single input models but includes both inputs. Model performance is discussed and compared

further in Chapter 7.
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Figure 6.6: Text-only sequences: Data-flow diagram

6.5 Evaluation Metrics

Since a multi-label classification task is being performed on a sequence, the performance of

the models using accuracy, precision, recall, and F1 score evaluation metrics is discussed.

Outcome labels include six possible labels, i.e., front-matter element start, front matter

in-element page, chapter-start, in-chapter page, end-matter element start, and end-matter
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Figure 6.7: Image and Text sequences: Data-flow diagram

in-element page. Scikit-learn’s metrics library was used to collect and compare model per-

formance [30].

6.6 Training, Validation, and Testing Splits

Each model is trained, validated, and tested using the same split. The training and validation

is done upon the overall dataset (1,459 ETDs) by dividing it according to an 80/20 split.
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Figure 6.8: Image and Text sequence tagger: Model architecture

The training set is used to train the model weights and biases, and the validation set is

used to evaluate training performance for each epoch. After training is over (15 epochs) the

models are evaluated on the manually-labelled dataset (150 ETDs).



Chapter 7

Experiments, Results, and Discussion

In this chapter, we discuss various experiments we conducted. We begin our discussion

by comparing the performance of other tools that can be used for segmenting ETDs into

chapters. These tools include GROBID [22]. Following this, we discuss the performance

of our deep learning models. As discussed in our previous chapters, we have designed two

slightly different models. The first model extracts features from image sequences as inputs,

while the latter (more robust) model uses extracted image features and page text embeddings

as inputs.

The following experiments were performed on Google Colab [6] using their Pro+ subscrip-

tion. The Pro+ subscription allows users to access GPUs more readily and to employ

longer runtimes (24 hours). It also allows for background executions, which was necessary

as training the following models took days. Pro+ allows a High-RAM environment of 52

GB to users. The GPU allocation was randomly assigned based on availability. We would

randomly be assigned one of the following GPUs: K80, T4, or P100.

7.1 Comparison with Other Segmentation Tools

This section discusses and compares the performance of the Chapter-Segmentation Pipeline

with other available segmentation tools including GROBID. The comparison is conducted

on a set of 50 randomly sampled ETDs that the CSP successfully generated chapter bound-
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aries for. Additionally, chapter boundaries for this set of ETDs were manually labelled and

can be considered as the ground truth. This allowed us to make comparisons with other

segmentation tools.

7.1.1 GROBID

GROBID is a machine learning library that can be used to extract, parse, and even restruc-

ture documents [22]. Its primary use has been with technical and scholarly documents. Our

focus is on theses and dissertations. It can be used to used to extract much important struc-

tural information from PDFs including segmentation details. It outputs details in XML/TEI

encoded documents.

GROBID’s setup is much simpler then our Chapter-Segmentation Pipeline and its only

required input is the PDF of the document itself. The output XML/TEI file is a structured

document containing segmentation, text within each segments, and much more.

Figure 7.1: GROBID sample XML/TEI file
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Figure 7.1 shows a snippet of a TEI file GROBID produced. The hierarchical structure

contains segmentation titles in the header tag. The header tag can also contain enumeration

details if the PDF is formatted to include it. Unlike the CSP, GROBID can also provide

results on sections within chapters, providing further granularity. The results of GROBID

could theoretically be used similar to the CSP and mapped back onto the original PDF.

However, the results of GROBID contained some issues that could make it unreliable to

confidently map back to the original PDF. The list below describes some of these errors:

• Includes heading, but that is ambiguous regarding if chapter, section, or subsection.

• Includes figure heading in segmentation detail.

• Duplicate entries.

• Includes equations as headings.

• Includes random text as heading.

• No distinction between front-matter, chapters, and end-matter.

Table 7.1 displays generation metrics for GROBID segmentation of the set of 50 manually

labelled ETDs. This set of ETDs was extracted from the set of documents (1,459 ETDs)

that the CSP successfully worked upon.

Number of Documents
No TEI File Produced 15

Empty TEI file 27
Successfully Generated Document Details 8

Table 7.1: GROBID: TEI file metrics

Figure 7.2 shows a segmentation comparison for the 8 ETDs that successfully generated

segmentation details. The green bar shows the number of chapters manually labelled for
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each ETD. GROBID documentation does not claim chapter segmentation. The results make

clear that GROBID does not provide a good solution for segmenting ETDs into chapters.

Figure 7.2: GROBID: Segmentation results for successful documents

7.2 Experiment 1: Image-only Sequences

7.2.1 Training Setup

Our first deep learning model is an image sequence tagger. Given a PDF of an Electronic

Thesis or Dissertation, pages were converted into a sequence of PNG images similar to

sequences of frames in a video. This was done using a Python package called pdf2image

[5], and the image resolution was set to 100 DPI. The label for each page image was mapped

accordingly using our generated chapter boundary details. Each page could be distinctly

labelled between six possible outcomes. These include FM element start, FM normal page,

chapter start, chapter normal page, EM element start, and EM page. For a detailed visual

of our Image-only model architecture refer to Figure 6.4.

The Chapter-Segmented ETD data set was divided in a 80:20 training and validation split

(see Section 6.6 for more details). The model was initiated using the parameters listed in
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Table 7.2. We performed testing and evaluation upon our manually labelled data set that

we discuss in Section 5.3.

Parameter Values
Embedding Dimensions 4096

Hidden Dimensions 2048
Output Dimensions 6

Dropout 0.25
Bidirectional True

Table 7.2: Experiment 1: Model parameters

7.2.2 Training

Given the relatively long nature of ETDs and the hardware limitations we had while training

our models, we had to divide our training input sequences into mini-batches of 10 pages at

a time. Images were transformed using PyTorch’s transformation toolkit as mentioned in

Section 6.2.1. The model was trained over 15 epochs. Each epoch took roughly 3.5 hours to

complete, so it took a little over two days to complete training for 15 epochs.

Figure 7.3 displays the training loss over each epoch. From the graph, it’s evident that our

first model of only image sequences was not learning well. The training loss quickly converges

and does not show a consistent decrease of loss over epochs.

In other experiments, we retrained our image-sequence tagger from scratch and altered var-

ious variables but witnessed similar results. As a result of no decrease in overall model loss

during training, our model’s F1 scores and other metrics showed poor performance when

applying our model onto our manually labelled data set. Our model could not differentiate

between page images of different classes. The low training performance for our Image-only
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Figure 7.3: Experiment 1: Training loss

sequence tagger were disappointing. In Section 7.4 we discuss an image and text sequence

tagger that shows significantly better results.

7.3 Experiment 2: Text-only Sequences

The next deep learning model is a page-text sequence tagger. Given a PDF of an Electronic

Thesis or Dissertation, the text of each page was embedded as a sequence. The text was

extracted using PyMuPDF [4] and the embeddings had 100 dimensions. For a detailed visual

of the Text-only tagger’s model design refer to Figure 6.6.

7.3.1 Training Setup

Parameter Values
Text Embedding Dimensions 100

Hidden Dimensions 2048
Output Dimensions 6

Dropout 0.25
Bidirectional True

Table 7.3: Experiment 2: Model parameters
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Similarly to the first model, this model was trained on Google Colab [6] servers using GPUs.

The input was single batched ETDs and the pages were further batched by 10 pages. The

servers could not handle the input of an entire ETD except through batches. The total time

to train an epoch was nearly an hour. The pre-trained weights of the vocabulary were kept

frozen until the sixth epoch to allow the other model parameters to settle [8].

Training using Text-only sequences show poor results with almost no reduction in training

loss. In fact, by the end of training the model showed to increase in loss slightly. During

evaluation the model would classify everything as chapter contents, which is also the majority

class. The graph in Figure 7.4 shows the training loss over 15 epochs.

Figure 7.4: Experiment 2: Training loss

7.4 Experiment 3: Image and Text Sequences

7.4.1 Training Setup

Next, we adjusted our models to also include image and text for pages. Page images were

pre-processed, transformed, and prepared in the same manner as described in Experiment

7.2. Additionally, each page’s text was extracted using a Python package called PyMuPDF
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[4]. Page text was then cleaned-up, tokenized, and converted using each of two different

embeddings. We discuss our text preparation process in Section 6.2.2.

Similar to Experiment 7.2.1, we randomly assigned our data set into a 80-20 training and

validation split. We evaluated our model’s performance using our manually labelled data

set. For a design overview of our page image and text sequence tagger, refer to Figure 6.8.

7.4.2 Training

As mentioned regarding our previous experiment, ETDs are generally lengthy documents

and so we had to divide our input sequences into mini-batches as available GPUs could

not handle the load. Image features were extracted using pre-trained VGG16 and text was

prepared and converted into two different embeddings, Glove and fastText, in two different

experiments. The preparation process, model dimensions, and training for both experiment

cases were identical, to provide comparison between the two embeddings. Each model was

trained over 15 epochs. For both embeddings, total training time was similar. It took roughly

5 days to complete training as a single epoch took around 5.5 hours to complete. The model

was instantiated using the parameters mentioned in Table 7.4.

Parameter Value
Extracted Image Feature Dimensions 4096

Converted Text Embedding Dimensions 100
Hidden Dimensions 2048
Number of Layers 2

Bidirectional True

Table 7.4: Experiment 3: Model parameters

Figure 7.5 show the training loss and accuracy of the two separate experiments over 15

epochs. Adding textual context significantly increased the training rate for the models.
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(a)

(b)

Figure 7.5: Training loss vs. Accuracy using (a) GloVe (b) fastText

Allowing our pre-trained embedding parameters to train, led to no abrupt changes in training.

The effects of unfreezing parameters to fine-tune the embeddings can be seen starting in

epoch 6 for both experiments.

Additionally Figure 7.6 displays validation scores in comparison over the same epochs. GloVe

validation loss is consistently below the training loss, while fastText shows spikes and abrupt

changes. In the next section, we will compare the performance of each embedding using the

manually labelled data set discussed in Section 5.3.
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(a)

(b)

Figure 7.6: Training loss vs. Validation loss (a) GloVe (b) fastText

7.4.3 Results

This section discusses testing results of applying the models trained above, using the man-

ually labelled data set. It also provides further comparison on testing metrics between

documents from arXiv and outside sources. As mentioned before, there are in total 6 pos-

sible classes. For each class the tables below will show the rate of true positives (TP), false

positives (FP), false negatives (FN), precision, recall, and F1 scores. Details on each of these

metrics can be found in Section 6.5.
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Models on manually labelled data set

Table 7.5 shows results from running the model using GloVe embeddings onto the manually

labelled data set. The results show higher precision values, while the recall rate is lacking

(especially for front-matter elements). Unbalanced data sets can lead to this. This can also be

attributed to the Chapter-Segmentation Pipeline’s inefficiency with capturing front-matter

elements, as discussed in Section 5.1.

Page Type TP FP FN Precision Recall F1
FM Chapter-Start 171 107 344 62% 33% 43%

FM PAGE 480 412 727 54% 40% 46%
Chapter-Start 612 199 345 75% 64% 69%
Chapter PAGE 15724 2357 596 87% 96% 91%

EM Chapter-Start 211 129 205 62% 51% 56%
EM PAGE 1309 368 1355 78% 49% 60%

Table 7.5: Model performance with GloVe embeddings on manually labelled data set

Table 7.6 also shows metrics by testing the performance of the model using fastText embed-

dings. fastText in comparison has overall higher precision over GloVe.

Page Type TP FP FN Precision Recall F1
FM Chapter-Start 149 53 366 74% 29% 42%

FM PAGE 583 551 624 51% 48% 50%
Chapter-Start 465 60 492 89% 49% 63%
Chapter PAGE 15802 2599 518 86% 97% 91%

EM Chapter-Start 192 23 224 89% 46% 61%
EM PAGE 1220 382 1444 76% 46% 57%

Table 7.6: Model performance with fastText embeddings on manually labelled data set
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Performance Comparison

As mentioned in Section 5.3, the manually labelled data set contains 100 ETDs that were

collected from arXiv, and 50 ETDs that were collected from outside sources. Here we provide

a performance comparison for our model on arXiv documents and non-arXiv documents.

Refer to Tables 7.7 and 7.8 for comparisons.

GloVe Performance Comparison
Page
Type arXiv non-arXiv

Precision Recall F1 Precision Recall F1
FM Chapter-Start 64% 47% 54% 56% 20% 29%

FM PAGE 65% 44% 52% 38% 32% 35%
Chapter-Start 82% 77% 79% 58% 38% 46%
Chapter PAGE 91% 97% 94% 80% 94% 86%

EM Chapter-Start 78% 68% 73% 23% 17% 19%
EM PAGE 83% 64% 72% 67% 31% 42%

Table 7.7: GloVe embeddings: arXiv vs. non-arXiv ETDs

fastText Performance Comparison
Page
Type arXiv non-arXiv

Precision Recall F1 Precision Recall F1
FM Chapter-Start 83% 49% 62% 46% 0.09% 15%

FM PAGE 66% 51% 57% 35% 44% 39%
Chapter-Start 97% 64% 77% 53% 17% 26%
Chapter PAGE 89% 99% 94% 80% 93% 86%

EM Chapter-Start 95% 64% 76% 54% 11% 18%
EM PAGE 85% 55% 67% 63% 35% 45%

Table 7.8: fastText embeddings: arXiv vs. non-arXiv ETDs

arXiv contains a selected set of disciplines that are discussed in Section 3.1. Since the

models are trained using arXiv documents, the model performs significantly better on docu-

ments within arXiv for each embedding. GloVe slightly outperforms fastText at identifying
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chapters, while fastText shows an upper hand at identifying front-matter and end-matter

element-starts.



Chapter 8

Conclusion

This research focuses on segmenting chapters within Electronic Theses and Dissertations

(ETDs). We begin by describing our research problem and its motivation. We formulate

research questions and review various works, tools, and literature relevant to this work.

There has been little research focus on the structure of long scholarly documents. There are

currently no publicly available data sets of ETDs with their chapter boundaries. To address

this, we explored modifying LaTeX source files to help generate chapter boundary details.

Our initial attempt failed to produce a pipeline that could provide consistent results at scale.

Our latest Chapter-Segmentation Pipeline works well, using ground truth context to verify

selections. This process also distinguishes among front-matter, end-matter, and chapters.

We provide extensive details on manually inspecting the results of the CSP (see Section 5.1

for details).

We provide access to a repository that contains 1,459 ETDs, with chapter boundaries for

each document. Additionally, we provide access to a data set containing 150 ETDs with

manually labelled chapter boundaries.

We then use the first newly created data set to train various deep learning models to predict

chapter boundaries of a given ETD. We discuss how we pre-processed each page’s image and

text to prepare input sequences for each ETD. We next test the image sequence model, the

text-based model, and the combination image and text sequence model.
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Finally, we discuss the results of our experiments testing those models on our second data

set. We evaluated our models using precision, recall, and F1 scores. We observed that

combining image and text inputs greatly increases the chance of correct classification using

deep learning models.

In the next chapter, we discuss possible future works to expand research in this direction. We

provide motivation for creating meaningful repositories of scholarly documents that include

annotation details on various elements.



Chapter 9

Future Work

This research was conducted on a fairly small sized corpus of Electronic Theses and Disserta-

tions to begin with, i.e., 2,838 ETDs. This was thanks to the hard work by Virginia Tech’s

Ph.D. candidate Bipasha Banarjee. She had manually collected and verified these ETDs

that were taken from arXiv. Since source LaTeX files are a requirement of our Chapter-

Segmentation Pipeline (CSP), there are few repositories that provide these files. arXiv also

does not contain any public metadata information to reliably qualify published documents

as ETDs. Using the CSP, we were able to generate segmentation details on 1,459 ETDs.

Given a bigger set of ETDs with source files, we could have generated a bigger set of chapter

segmented ETDs. A larger set of chapter segmented ETDs from various disciplines could be

used to train deep learning models to be more general at the task of chapter segmentation.

The CSP also has the potential to generate chapter boundary details of other types of doc-

uments. It could be used to create a general repository of scholarly documents segmented

into chapters.

As discussed in Section 7.2.1, training our deep learning models, even with a small set

of ETDs, was fairly expensive, requiring GPUs, and we were not able to tune our hyper-

parameters. Since the task of chapter segmentation requires a large sequence of pages with

various input elements, tuning the hyper-parameters could greatly improve the performance

of our models. There could also be alternate deep learning designs that could be implemented
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that could improve the performance of models. The designs of the single input models for

image or text sequences need to be improved too, as they showed poor training results.

Modifying LaTeX has been used prior to our work to help output important positional

information for document elements such as figures and tables [16, 26]. We have shown that

LaTeX modifications can also help output chapter boundary information. Further efforts in

this direction could lead to the annotation of various other key elements such as equations,

titles, and code markings. It would be interesting to see the creation of a Gold Standard data

set that contain more granular information than chapter boundaries, such as locations of title

tags, figure captions, and equations. To make this possible and to increase representation, it

would be helpful for schools and universities to encourage/require any submitter to include

source files for each document. Additionally, the Chapter-Segmented ETD data set could

be augmented by further modifying the source LaTeX files. This could be used to train the

deep learning models on a larger set of ETDs.

Finally, improvements could be made in our segmentation pipeline. We worked on two

separate pipelines to generate segmentation details. There are most likely many other ways

to explore LaTeX manipulations to generate chapter boundary details. While our Delimiter-

based strategy for segmentation provides accurate chapter boundary details, it could only

work on about half of the documents in our repository. A strong background in LaTeX

programming possibly could help provide a more robust code that works well across various

LaTeX classes.
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