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Abstract

Imparting machines the capability to understand documents like humans do is an AI-complete
problem since it involves multiple sub-tasks such as reading unstructured and structured text,
understanding graphics and natural images, interpreting visual elements such as tables and
plots, and parsing the layout and logical structure of the whole document. Except for a small
percentage of documents in structured electronic formats, a majority of the documents used
today, such as documents in physical mediums, born-digital documents in image formats, and
electronic documents like PDFs, are not readily machine readable. A paper-based document
can easily be converted into a bitmap image using a flatbed scanner or a digital camera. Conse-
quently, machine understanding of documents in practice requires algorithms and systems that
can process document images—a digital image of a document.

Successful application of deep learning-based methods and use of large-scale datasets sig-
nificantly improved the performance of various sub-tasks that constitute the larger problem of
machine understanding of document images. Deep-learning based techniques have success-
fully been applied to the detection, and recognition of text and detection and recognition of
various document sub-structures such as forms and tables. However, owing to the diversity
of documents in terms of language, modality of text present (typewritten, printed, handwritten
or born-digital), images and graphics (photographs, computer graphics, tables, visualizations,
and pictograms), layout and other visual cues, building generic-solutions to the problem of
machine understanding of document images is a challenging task. In this thesis, we address
some of the challenges in this space, such as text recognition in low-resource languages, infor-
mation extraction from historic/handwritten collections and multimodal modeling of complex
document images. Additionally, we introduce new tasks that call for a top-down perspective—
to understand a document image as a whole, not in parts—of document image understanding,
different from the mainstream trend where the focus has been on solving various bottom-up
tasks. Most of the existing tasks in Document Image Analysis (DIA) deal with independent
bottom-up tasks that aim to get a machine-readable description of certain, pre-defined docu-
ment elements at various abstractions such as text tokens or tables. This thesis motivates a
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purpose-driven DIA wherein a document image is analyzed dynamically, subject to a speci�c

requirement set by a human user or an intelligent agent.

We �rst consider the problem of making document images printed in low-resource lan-

guages machine-readable using an OCR and thereby making these documents AI-ready. To

this end, we propose to use an end-to-end neural network model that can directly transcribe

a word or line image from a document to corresponding Unicode transcription. We analyze

how the proposed setup overcomes many challenges to text recognition of Indic languages.

Results of our synthetic to real transfer learning experiments for text recognition demonstrate

that models pre-trained on synthetic data and further �ne-tuned on a portion of the real data

perform as well as models trained purely on real data. For 10+ languages for which there

have not been public datasets for printed text recognition, we introduce a new dataset that has

more than one million word images in total. We further conduct an empirical study to compare

different end-to-end neural network architectures for word and line recognition of printed text.

Another signi�cant contribution of this thesis is the introduction of new tasks that require a

holistic understanding of document images. Different from existing tasks in Document Image

Analysis (DIA) that attempt to solve independent bottom-up tasks, we motivate a top-down

perspective of DIA that requires a holistic understanding of the image and purpose-driven

information extraction. To this end, we propose two tasks—DocVQA and InfographicVQA—

fashioned along Visual Question Answering (VQA) in computer vision. For DocVQA, we

show results using multiple strong baselines that are adapted from existing models for existing

VQA and QA problems. For InfographicVQA, we propose a transformer-based, BERT-like

model that jointly models multimodal—vision, language, and layout—input. We conduct open

challenges for both tasks, attracting hundreds of submissions so far.

Next, we work on the problem of information extraction from a document image collec-

tion. Recognizing text from historical and/or handwritten manuscripts is a major challenge to

information extraction from such collections. Similar to open-domain QA in NLP, we pro-

pose a new task in the context of document images that seek to get answers for natural lan-

guage questions asked on collections of manuscripts. We propose a two-stage retrieval-based

approach for the problem that uses deep features of word images and textual words. Our ap-

proach is recognition-free and returns image snippets as answers to the questions. Although

our approach is recognition-free and consequently oblivious to the semantics of the text in the

documents, it can look for documents or document snippets that are lexically similar to the

question. We show that our approach is a reasonable alternative when using text-based QA

models is infeasible due to the dif�culty in recognizing text in the document images.
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Chapter 1

Introduction

What came �rst, documents or writing? Suzanne Briet, who is called `Madame Documen-

tation' de�nes a document as̀any concrete or symbolic indexical sign[indice], preserved or

recorded, towards the ends of representing, of reconstituting, or of proving a physical or intel-

lectual phenomenon.'[1]. If we go by Briet's de�nition, documents existed long before writing

systems were invented. According to recent studies, our species, and possibly Neanderthals,

started making non-�gurative drawings in caves 64,000 years ago [2]. The next major develop-

ment in the history of documents is clay tablets engraved with pictograms and ideograms. The

Proto-Cunieform system that was used by the Mesopotamian civilization in around 3200 BCE

is a good example of this style of proto-writing. The symbols in proto-writing that represented

objects and abstract concepts were gradually replaced by symbols that correspond to sounds in

spoken language [3]. While the earliest documents were on rocks and clay or wooden tablets,

by the beginning of the Common Era(CE), documents in the form of parchments, papyrus, and

strolls were common. By 1500 CE, printing presses were a common sight in cities in western

Europe. The invention and quick spread of printing technology in Europe led to a printing

revolution [4]. This resulted in faster and broader knowledge sharing and played a crucial role

in the Renaissance and the scienti�c revolution.

Half a millennium since the printing revolution, documents continue to act as the primary

medium of knowledge dissemination. While we continue to create documents in digital and

physical forms, they are primarily made for human consumption. The documents in the physi-

cal medium can easily be made digitally accessible by converting them to digital images using

a scanner or other imaging devices. But neither these images of physical documents nor the

born-digital document images are machine readable—i.e., in a structured format that a com-

puter can readily process. Research on making images of documents machine readable has

come a long way, thanks to recent developments in supervised machine learning algorithms.

While there has been signi�cant progress in independent information extraction tasks such as
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recognizing printed text from document images and extracting regions of interest, research on

Arti�cial Intelligence (AI) that can facilitate a holistic, human-like understanding of document

images is in a nascent stage.

1.1 Scope

A document image can either be a digital image of a physical document or a born-digital

document in image format. Different from scene text images that are natural images—or im-

ages in the wild—that contain text, a document image predominantly contains a document.

The text on these images can either be unstructured text arranged in sentences and paragraphs

or structured text that is part of forms, tables, �gures, or other visual elements that constitute

a document image. For example, in Figure 1.1a, there are i) text that makes up titles, and

headers, ii) a table where text is structured in rows and columns, ii) text appearing as sentences

or paragraphs, and iv) text used for labelling and annotating a �gure.

Most document images created and shared today can be categorized into 4 types. The �rst

type is scanned images of paper documents used in of�ces. An example of this type is shown

in Figure 1.1a. Although the use of paper documents has been declining since the beginning of

this century12, paper documents are still widely used in businesses. In 2020, nearly 100 million

metric tons of graphic papers were produced despite the slowdown caused by the COVID-19

pandemic [10]. The second category is document images created as a result of digitization

efforts aimed at preserving cultural heritage. Archival and historical documents are being

digitized in large amounts around the globe [11, 12, 13, 14, 15, 16]. An image of a manuscript

written by Jeremy Bentham that was digitized as part of the Transcribe Bentham [17] project

is shown in Figure 1.1d. Digitization options offered by smartphones are immense, and we

take photos of paper documents such as handwritten notes and receipts on a daily basis. These

images constitute the third category. An example of this type—a photograph of a printed

advertisement put up on a wall—is shown in Figure 1.1e. The fourth category is born-digital

document images such as visualisations, infographics, digital posters, and screenshots that

contain text and/or graphics. One such image is shown in Figure 1.1f. Every time we take a

screenshot of a tweet or a web page snippet, we create a document image. Although all social

media platforms offer options to share links, we �nd it often convenient to take screenshots for

quick sharing in our chats, social media stories, and statuses.

1https://www.statista.com/statistics/270317/production-volume-of-paper-by-type/
?_ga=2.204976272.1018593204.1622837058-191240632.1618425162

2https://www.statista.com/statistics/1241313/graphics-paper-production-worldwide/
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(a) (b) (c)

(d) (e) (f)

Figure 1.1:Different types of document images.Images (a) and (b) are pages of a �nancial report

and a magazine, respectively. Image (c) shows a page from a Hindi book scanned using a �atbed

scanner. In (d) is a scanned manuscript from Bentham manuscripts collection. Shown in (e) is a photo

of an advertisement in Malayalam captured using a mobile phone camera and (f) shows a born-digital

infographic. All these images are taken from datasets created as part of our works. Images (a) and

(b) are a part of the DocVQA dataset [5]. Images (c), (d), (e) and (f) are part of IIITHindi 100 [6],

BenthamQA [7], IIIT-ILST [8] and InfographicVQA [9], respectively.

On the other hand, electronic documents, unlike the name suggests, are not readily machine-

readable. A majority of the electronic documents are in PDF format. Although PDF is the most

widely used format to create documents, the format does not preserve the logical structure

of the documents. Finding the reading order of a PDF document itself is non-trivial. Con-
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sequently, analysis of a born-digital PDF (also called `native' PDF) is nearly as dif�cult as

analysis of scanned PDF [18, 19].

1.2 Applications

With the explosive growth in the creation and dissemination of document images, and non-

machine readable electronic documents, the need for algorithms and systems that can read,

understand and analyze these documents is ever more imperative. Such solutions have many

applications, including some major ones we list below.

1. Searching and indexing.Reading—i.e., recognizing text tokens— on document images

would allow indexing, searching and retrieving of document images [20, 21]. For exam-

ple, such an application would allow a user easily �nd a particular invoice the user is

looking for from hundreds of photos of invoices stored in the user's phone.

2. Automated data entry. Transforming data in document images to structured digital

formats can facilitate automatic data entry [22, 23, 24, 25]. For example, the manual

effort in entering details �lled in a paper-based form into a database can be avoided if

there are robust text recognition and form understanding solutions.

3. Assistive systems.Recognizing text and converting data in document images into struc-

tured representations has applications in building assistive systems for visually impaired

people. OCR is essential for making non-native/scanned PDFs work with screen read-

ers [26, 27]. Similarly, many books, including textbooks and most of the historical mate-

rial being digitized are not accessible to the visually impaired since Braille or audiobooks

are not available for these books. With the help of reading systems developed for doc-

ument images and text-to-speech technology, it is possible to generate audiobooks for

these books with little or minimum human effort [28, 29, 30].

1.3 Machine understanding of images and text: existing tasks

and perspectives

Document Image Analysis (DIA) is a �eld of study that seeks to build algorithms and sys-

tems that can process and analyse document images. At the heart of DIA is developing AI
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that can `understand' document images as humans do. Since understanding a document im-

age involves reading and analysing text and interpreting the visual elements, the �eld of DIA

is closely related to Computer Vision (CV) and Natural Language Processing (NLP). In Ta-

ble 1.1, we list various tasks in NLP, CV, and DIA that are critical to `understanding' of natural

language, natural images, and document images, respectively. We arrange the tasks in a 4-level

hierarchy re�ective of the level of understanding involved in solving a task.

Level 1 tasks, in general, deal with assigning semantic labels or attributes to parts or whole

of the given data. In the case of the text (i.e., machine readable natural language text), these

tasks deal with assigning semantic labels to words, phrases, or sentences. Tasks such as Named

entity recognition [31], Part of speech tagging [32, 33], intent detection [34] and sentiment

analysis [35, 36] fall in this category. In the case of natural images and document images,

classi�cation and localization tasks fall in this category. For example, image classi�cation [37,

38, 39] and the task of locating and identifying visual objects [40, 41, 42] in natural images are

examples of level 1 tasks. Similar tasks in DIA deal with word or line detection [43, 44], text

recognition of cropped characters, words or lines [45, 46] and document layout analysis—the

problem of localizing and labelling different document sub-structures such as paragraph, title,

table and �gure [47, 48].

Level 2 tasks model relationships between the atomic entities, and work at the level of

groups of these entities. In the case of text, level 2 tasks deal with inferring how two entities

in a piece of text are related. Examples include Relation prediction [71] and Coreference res-

olution [72, 73]. In the case of natural images, visual relationship detection [74] and action

recognition in still images [80, 81] are two tasks that involve modelling relationships between

objects and other semantic entities in natural images. In the case of document images, tasks

of this type include emotion recognition in comics using multimodal context [75], associating

related graphics and text elements in charts [77] and associating speech balloons with corre-

sponding speakers in comics [76].

Level 3 tasks across the three �elds aim to i) generate a description/summary of the given

text/image in natural language or ii) convert the given image or text into a structured machine

readable form. In the case of natural language understanding, the most popular task that falls

under level 3 is text summarization [61]. Similarly, image captioning [66] and scene graph

generation [65] are examples of level 3 tasks for natural images. Tasks in DIA that aim to con-

vert various document substructures to machine readable form, such as Table to HTML [23],

Chart to raw table [70], and Form understanding [22, 69], are examples of level 3 tasks for

document images. Note that the text summarization task is nothing but asking an AI model

to write a summary of one or more documents. This task is inspired by the summary writing
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Text Natural images Document images

Level 4

• purpose driven interpre-

tation of the data

• often require reason-

ing skills and external

knowledge

QA [49, 50, 51] , Dialogue systems [52, 53, 54] VQA [55, 56], Visual Dialogue [57] Chart VQA [58, 59], OCR-VQA [60]

Level 3

• model high-level seman-

tics

• generate a summary or

a structured representa-

tion for the whole

Summarization [61, 62, 63] Scene graph generation [64, 65],Image

captioning [66, 67]

Table recognition [68, 23], Form understand-

ing [22, 69] Chart to raw table [70]

Level 2

• model relations between

atomic entities

• identify groups, struc-

tures and relations

Relation prediction [71],Coreference resolution [72, 73] Visual relationship detection [74] Emotion recognition in comics [75], Text and

graphics association [76, 77]

Level 1

• Assign labels and at-

tributes

• Segment and recognize

NER [31], POS tagging [32, 33],Intent detection [34],

Sentiment analysis [35, 36]

Object detection & semantic segmenta-

tion [40, 42]

Layout analysis [47, 48], Text recognition [78,

46, 79]

Table 1.1:Existing tasks that concern with understanding of text, natural images and document

images.
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exercises for school children. On the other hand, the image captioning task for natural images

is similar to the `show and tell` exercise commonly used in elementary schools.

The most distinguishing characteristic of level 4 tasks is the dynamic interpretation of given

data, conditioned on a requirement or a query set by a human user. A natural language question

or a dynamic requirement raised during a conversation between a human user and an intelligent

system dictates how the image or text needs to be analysed and what response needs to be re-

turned. Question Answering (QA) [49, 50] and Machine Reading Comprehension (MRC) [51]

for text and VQA on natural images [55, 56] are examples of level 4 tasks. Chart VQA [58, 59]

and VQA on book covers [60] are prior works that deal with VQA on document images. The

former is a VQA task for a limited number of standard charts such as bar charts, line plots, and

pie charts, and the latter deals exclusively with book covers. From a machine understanding

perspective, level 4 tasks that are most challenging are QA/VQA tasks that require reasoning

abilities [82, 83].

The advancement made in AI in recent years has primarily been driven by `deep learning'

that strives for better performance by employing bigger neural networks and large-scale data.

Two �elds where AI using deep learning techniques have been utilized effectively are CV and

NLP. Following the success of AlexNet [84] for image classi�cation, Convolutional Neural

Networks (CNN) was quickly adopted for almost every task that involves images. Similarly,

Recurrent Neural Networks (RNN)—particularly the Long Short Term Memory (LSTM) and

Gated Recurrent Unit (GRU) variants—emerged as the de facto choice for many sequence

learning problems such as speech recognition [85], handwriting recognition [86] and machine

translation [87, 88].

Deep learning-based approaches signi�cantly improved performance for almost all tasks for

text and natural images that we list under level 1 and level 2 of the tasks hierarchy we discussed

above(see section 1.3). These results inspired researchers to attempt newer tasks—that fall

in level 3 and level 4 in the hierarchy—that aim for a high-level, human-like understanding

of text and images. Such tasks were largely unexplored or lacked large-scale datasets until

this period. Popular datasets for tasks such as Question Answering (QA), image captioning

and Visual Question Answering (VQA) were introduced around this time. The most widely

used dataset for image captioning—MS-COCO captions [89, 90], VQA V1 dataset [55] for

VQA, SQuAD [91] for Machine Reading Comprehension (MRC) and WikiQA dataset [92]

for open domain QA were all introduced during the 2015-16 period. Robust performance for

constituent lower-level tasks is indispensable for most of these higher-level tasks. For example,

almost every VQA [93, 94, 56] or captioning model [93, 66] makes use of a CNN pretrained

for image classi�cation [95] or object detection model [96] in order to extract features from the

images.
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Graves et al. [86] were the �rst to use an end-to-end neural network for unconstrained hand-

writing recognition. Their approach learns to map directly from handwritten text lines to a

sequence of characters without the need for explicit alignment between the characters in the im-

age and characters in the ground truth label sequence. This approach has then been adopted for

printed text recognition [97, 98, 99] and scene text recognition [100, 46] in multiple languages.

The success of CNN for CV tasks inspired the use of CNN-based methods for many similar

tasks in DIA, such as word image representation learning [101, 102], document image classi�-

cation [103, 104, 105], text detection [106] and layout analysis [47, 48]. Improved performance

for text recognition and detection, motivated researchers to study higher-level DIA problems

that deal with the machine readable representation of forms, tables and charts [70, 23, 22] (level

3 tasks as per the hierarchy we discuss in section 1.3). These tasks are aimed at extraction of

a machine readable representation and/or high-level understanding of only a certain document

sub-structure ( a table, a form, or a chart) that the task is designed for. Similarly, in the case

of level 4 tasks concerning document images, both the tasks expect certain types of document

images—charts for chart VQA [58, 59] and book covers for OCR VQA [60]—as input and

the datasets contain template questions with limited diversity. In the case of OCR-VQA, the

questions are generated using metadata associated with the books, such as book title, author,

and book genre. Consequently, the questions do not demand reasoning over the visual, layout,

and graphical information on the images.

Document images like the ones shown in Figure 1.1a, Figure 1.1b, and Figure 1.1f are

complex multimodal manifestations of data and information. Human-like understanding of

these images is an AI-complete problem that goes beyond bottom-up tasks that deal with the

detection and recognition of text or visual elements in them. However, we believe that progress

made in solving the bottom-up tasks now permits us to explore problems that require a holis-

tic machine understanding of document images. On the other hand, even today, text recog-

nition from documents—the necessary �rst step to machine understanding—in low-resource

languages (e.g., Figure 1.1c and Figure 1.1e) and historical and/or handwritten documents

(e.g., Figure 1.1d) remains an open problem.

1.4 Motivation

In this section, the motivation behind the work done as part of this thesis is presented through

a conversation between the �ctional detective character Sherlock Holmes and his associate Dr.

Watson.
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221B Baker Street hardly had any visitors since the COVID lockdown. Except for delivery

riders of Deliveroo, Mrs. Hudson has not seen anyone going upstairs since the lockdown.

Homes found refuge in his Kindle and occasional violin serenade as the regular investigative

avenues are temporarily closed.

Holmes has been quite restless since last week. Mrs. Hudson noticed that cigar deliveries

are quite frequent. It all began with an email from Holmes's friend, Byomkesh Bakshi. Mr.

Bakshi sent him details of a case he is after. The email included a link to a cloud drive full of

photographs and documents relevant to the case. A theatre artist and socialite named Maya

has gone missing in Kolkata. Mr. Baskshi believes her disappearance has something to do

with her grandmother's writings. Her grandmother was a well-known folklore researcher. And

Ms. Maya had lately been reading her grandmother's writing and had plans to make some of

the folklore stories into plays. Her friends, whom Mr. Bakshi talked to, felt that she was so

immersed in those stories that she started hallucinating that some of those folklore characters,

particularly ”yakshis” and djinns,” visited her at night. Holmes instantly developed an interest

in Maya's case and started browsing through the documents Mr. Bakshi sent. However, they

were not in any particular order. Mr. Bakshi sent him a folder containing hundreds of PDFs,

scanned images, and photographs. Holmes suddenly remembered that Dr. Watson has been

doing online courses on computing and machine learning. He decided to seek his help and sent

the link to Dr. Watson.

It has almost been a week since the details were sent to Watson. Holmes could not make

any progress skimming through those documents. Impatient, at 3 in the morning, he lit another

cigar and pinged Watson on Discord.

HOLMES: Watson, any updates?

WATSON: I have already sent you a link to a web-based tool where you can search within

the documents and even ask questions about the content of the documents.

HOLMES: It is de�nitely helpful. However, it works only for a small percentage of the

documents that Mr. Bakshi sent me.

WATSON: Yes. Those are Ms. Maya's notes she used to make online and some of her

blog posts. I have even run an OCR to convert some of the scanned PDFs to

electronic text. The results were pretty good. You can query them as well.

HOLMES: Alright! What about her journal? The drive includes photographs of pages

from her journal.

WATSON: I am working on those. Those are handwritten. The typical English OCRs

won't work well. I am using a handwriting recognition model for it. The results

are ok. There are some errors, but you must be able to search for keywords.
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HOLMES: If there is an OCR and handwriting recognition system, why are you not

OCRing other documents like those old family records and her grandmother's di-

ary?

WATSON: Those family records are at least a hundred years old. They are in English,

but the documents are in a pretty bad state. The handwriting recognition systems

perform poorly on those.

HOLMES: You've got to do something, Watson. After all, you have been spending so

much money on ML courses. I consider you an ML wizard. It will be great if I

can query those family records. It is tedious to manually go through thousands of

those pages. What about the Question Answering model you were talking about?

Forget it! Can you at least help me �nd a tool that can locate the pages that might

be relevant to my queries.?

WATSON: I need to get those documents in an electronic (machine-readable) format us-

ing an OCR before you can query them. Let me see if I can build some sort of

retrieval system for those old documents.

HOLMES: But how is retrieval different from a QA system?. Both sound the same to me.

WATSON: Retrieval won't get you an exact answer, like in the case of QA. It would

instead return a small set of documents that match your query.

HOLMES: Something is better than nothing.

The image of Holmes working on his laptop is created using an AI text-to-image tool hosted byhotpot.ai
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HOLMES: The QA model would be of great help in going through those travel bills and

receipts. And the medical and labe reports as well. If I am not mistaken, an OCR

would yield near perfect results on those receipts and reports. I tested one of those

blood reports in an online demo of an OCR, and the result was perfect.

WATSON: I am using the BERT QA model. The reports and receipts have a lot of content

in the form of tables, diagrams, and forms. The QA system is made to handle only

text in the form of sentences. It cannot handle text in structured form in tables.

HOLMES: Ah, I did not know there was software by the name of a muppet. So this

muppet cannot do QA over the receipts and reports? I thought structured content

is easier for machines!There is something called VQA that enables you to ask

questions about images.

WATSON: Yes. In fact, one of my course assignments was to train a VQA model.

HOLMES: And it never occurred to you to train a VQA model for the reports and re-

ceipts? After all, they are images.

WATSON: There are no datasets that I can use to train a VQA model for images of doc-

uments. Additionally, I don't think the VQA models would work out of the box

here. These are documents. VQA models typically work by identifying what

things and objects they see on the images and how they are related. They are

great for QA on photographs of things we see around us. The documents are quite

different. The documents carry tables, diagrams, photographs, and what not!

HOLMES: But you will never know. Why don't you try to �nd a dataset and train on it?

WATSON: Yeah! That is the plan. I wish there was a dataset to train a VQA model on

images of documents.

HOLMES: By the way, I need help with those documents in Indian languages. There are

many newspapers, magazines, and books that are in Bengali, Urdu, and Malay-

alam. I was thinking of translating those to English so that I could go through

them.

WATSON: But they are scanned images! We need to �rst run an OCR and then translate.

But the free OCRs I tried for Malayalam and Urdu were not good. I thought of

training my own OCR models. But there is no data. Unlike English, these scripts

are complex. I need to do a bit of research for training OCRs for these languages.

Language technologies for non-Latin languages are yet to catch up with what we

have for English.
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