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ABSTRACT
With the recent advancements, organizations have brought data
to the forefront of their digital transformation journeys. Finan-
cial services industry is also moving towards adopting data-driven
strategies for improved and faster decision making and providing
enhanced customer experience. While advances generally in Arti-
ficial Intelligence (AI) and specifically in Machine Learning (ML)
have fueled a lot of analytics, it is largely restricted to structured
data as it is well organized and is easy to work with. This tutorial
presents the opportunities to unlock the potential in unstructured
documents in financial domain. These forms of data are more chal-
lenging to interpret, but can deliver a more comprehensive and
holistic understanding of the bigger picture. While there are chal-
lenges around processing such document, ability to quickly make
decisions by leveraging such data can provide differentiated value
propositions and competitive benefits. This tutorial start with se-
lect problems & challenges in Document AI space and use cases
involving such documents, show the business opportunities present
and describe the technical challenges involved. Subsequently, we
discuss techniques and algorithms for several document processing
requirements and real world applications.
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1 INTRODUCTION
According to projections [16], [13], 80% of worldwide data will be
unstructured by 2025. Financial services (FS) industry is no dif-
ferent, where most enterprises hold vast array of unstructured
data which is largely under-analyzed. A huge amount of enterprise
information flows through documents and thus, understanding
documents and extracting relevant information is at the heart of
digital transformation journeys for the organizations. Documents
may be of different types and formats including native PDFs or
scanned images, structured, semi-structured of unstructured which
makes document processing and understanding an arduous task.
An ability to automate document processing and understanding
can deliver a more comprehensive and holistic benefits to several
applications and use-cases involving manual handling of these doc-
uments. In this tutorial, we focus on Financial Services (FS) industry
and how Document Intelligence i.e., AI powered automated analy-
sis of documents, allows to tap into the opportunities by analyzing
huge amount of information present in such documents.

In financial services industry, documents include financial state-
ments, invoices, bank statements, policies, contracts, marketing
creatives etc. Data residing in such documents can be of variety
types including images, tables, figures, and text. While there are
challenges around processing documents, ability to quickly make
decisions by leveraging such data can provide differentiated value
propositions and competitive benefits. These benefits include im-
proved operational excellence, automated compliance, or regulatory
workflows, discovered insights from mining/ matching disparate
data sources and overall enhanced customer experience. However,
the very nature of unstructured data prohibits the direct applica-
tion of AI/ML techniques that can be seamlessly applied on the
structured data. This talk will present the arts and sciences behind
developing Document Intelligence solutions covering select use
cases involving semi or unstructured documents, show the busi-
ness opportunities present and describe the technical challenges
involved. Subsequently, we provide an outline to develop various
Document Intelligence solutions that can aggregate, query, anal-
yse, and accelerate the understanding of such data to unveil deep
insights across Financial Services use-cases.

2 CONTENT OUTLINE
The tutorial aims to impart knowledge and understanding of AI/ML
techniques in the Document Intelligence space including discovery
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Figure 1: Categorization of documents into semi-structured
and unstructured documents from the financial domain

of different types of document sources and their inherent poten-
tial, how to analyse & interpret unstructured documents such as
financial & bank statements, marketing documents, invoices, re-
ceipts etc. Wewill cover specific cutting-edge techniques to perform
information extraction on documents, including semi-structured
or unstructured documents, which helps transform the informa-
tion into a structured format. This tutorial will introduce multiple
real-world applications that are being powered by Document In-
telligence such as credit ratings, under writings, improve the com-
petitive positioning, mitigate compliance and regulatory risks. The
talk will also demonstrate tangible benefits and financial business
impacts driven by some of the document intelligence solutions in
the financial world. The tutorial will also provide an opportunity
to the participants to get familiar with some of the open questions,
research challenges, and opportunities in this space. Overall, we ex-
pect that our tutorial will educate the participants andwill empower
them to find answers to the following questions in this context:

(1) What are different types of documents and their associated
challenges & potential for the financial industry?

(2) What are the Document AI/ML techniques leveraged by orga-
nizations to efficiently process and understands documents?

(3) What is the real business value/impact that the information
from these documents can deliver for the organizations?

(4) What are some of the upcoming trends and open challenges?

To answer the first question, we categorize different documents
types as 1) Semi-structured and 2) Unstructured documents and
further analyse documents in financial services industry using
the above taxonomy, as shown in Figure 1. Document which fol-
low a generic layout or template such as invoices, receipts, bank
statements, payslips, KYC/IDs, tax forms etc. are examples of semi-
strcutured documents. On the other hand, documents which are
lengthy and comprises a lot of textual information such as contracts,
financial statements, policies, marketing creatives etc. falls in the
unstructured document category. In this tutorial, we will discuss
about different document types, their challenges and opportunities
associated with each one of those.

Subsequent section of the tutorial will cover how organizations
address the document AI requirements either using existing vendor
or cloud based solutions or manually. Specifically, this tutorial

Figure 2: (a) is a table from PubTabNet dataset. In (b), red
lines denote the predicted structure and blue lines depict the
true structure.

provides an overview of existing document handling techniques
for several real-world applications in finance domain.

3 CHALLENGES WITH INTELLIGENT
DOCUMENT PROCESSING

This section of the tutorial will highlight some of the challenges
for large document processing. We also present recent advances
to addresses the associated challenges in the space of document
intelligence for financial services. This section aims to motivate the
audience with a high-level literature review and then go deep into
one or two research directions and methods to address different
problems.

3.1 Document Structure & Component
Understanding

Documents can be of different types and formats including native
PDFs, scanned images, web-pages, emails and can follow different
templates, whichmakes document processing and understanding an
arduous task. Techniques which localize and identify components
[24], [18] such as tables, figures, title, text and lists can facilitate bet-
ter understanding of documents while parsing it into a structured
format. Figure 2 shows an illustrative example of the components
identified in an unstructured document. The tutorial will cover
some of the recent advances in object detection algorithms and
graph neural networks that are lately being used for document
component understanding. The tutorial will present some of the
open research directions to further include the textual informa-
tion and neighbourhood or proximity to enhance the document
component detection.

3.2 Document Information Extraction
Extracting information from unstructured documents, specially fi-
nancial documents, in a structured format (i.e. key-value pairs) and
analysing them unlocks the opportunities to make faster and confi-
dent decisions, improve operational efficiency by making extracted
structured information available to downstream applications. Fi-
nancial documents are very different from traditional natural lan-
guage English corpus. These could be semi-structured such as bank
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statements, balance sheets or unstructured such as earnings report,
annual reports etc. Therefore, traditional information extraction
techniques do not generalize well on financial documents which
are loaded with statements conveying facts and claims using a
vocabulary rich in currency, integral or floating-point values, and
date-time types etc. Mostly, organizations end up employing human
resources to examine and analyze these financial documents. Since
financial documents could be lengthy (anywhere between 200-300
pages) and captures a huge amount of factual or numeric details, it
becomes very time-consuming, error-prone and laborious task to
manually extract and analyse such information.

There is a need for an efficient and automated technique that
can extract relevant information from financial documents in a
structured manner i.e., an entity (value) and its description (key)
as key-value pairs. Such an automated solution could have two
practical benefits. Firstly, a highly accurate system, which extracts
important entities and their descriptions from financial documents,
for currency, integral or floating-point values, and date-time types,
will minimize the chances of missing important information that
could lead to incorrect analysis and decision making which could
lead to possible compliance and regularity risk. Secondly, a doc-
ument tagged with relevant entities and their descriptions will
improve the analyst’s speed to interpret and analyse the documents
for specific business requirements.

The tutorial will cover technique for information extraction from
both semi-structured and unstructured documents. It will cover
advances in modelling interactions between text and layout infor-
mation along with image features [20] [21] for semi-structured
documents to extract relevant information as key-value pairs. The
tutorial also covers presents information extraction as a question an-
swering framework [19], [15] for unstructured documents. Finally,
the tutorial will also refer and point the audience to some of the
datasets which are based on publicly available financial documents.
The dataset consists of paragraphs with tagged values (entities),
and their keys (descriptions). We believe it will further initiate new
research directions, especially in the financial domain.

3.3 Table Structure Recognition
Table are the most commonly used structural representation that
organizes data into rows and columns. It captures structural and
geometrical relationships between different elements and attributes
in the data. Table extraction refers the process of converting ta-
ble regions in unstructured format (such as PDF, image, etc.) to a
structured format (such as csv, excel, JSON, etc.). An intermediate
representation in the table extraction algorithms is the row and cell
separations and associating the text to the correct cell, as shown in
Figure 3 & 4. This further leads to a structured format which could
be easily consumed by the downstream applications involving table
analysis and understanding. This tutorial will cover techniques
for major tasks in table extraction [10], [14], [22] i.e. i) detecting
the presence of a table in an image ii) localizing the table in the
image iii) decoding the structural relational among table cells and
iv) understanding the text inside each cell.

One of the important, however relatively less explored, aspects
in table extraction is the availability of a standard measure to report

Figure 3: A sample table from a medical tables
dataset.

Figure 4: Intermediate representation with row &
cell separation.

the performance for different algorithms. Unlike traditional ma-
chine learning problems where the output is a class (classification)
or number (regression), the outcome of a table parsing algorithm
is always a structure. There needs to be a way to compare one
structure against another structure and define some measure of
“similarity/distance" to evaluate different methods. A number of
measures quantifying this “distance" have been proposed in litera-
ture and multiple competitions. However, existing metrics, such as
Adjacency Relation (Text) [8], Adjacency Relation (IOU) [6] & Tree-
Edit-Distance Based Similarity with IOU (TEDS-IOU), evaluate the
performance of table extraction algorithms using both the structural
and textual information. This tutorial will discuss the limitations of
existing metrics due to their dependence on the textual information.
We highlight that considering textual information introduces addi-
tional dependency on the OCR (text detection/recognition), which
is a separate area in itself and should not be included in evaluating
how good is the detected table structure.

3.4 Document Authenticity Verification
Verifying document authenticity [7], [23], [5] is an under-researched
but highly important aspect of document analysis system. While
several important decisions are based on the information extracted
from the documents, it becomes highly imperative to ensure that
the documents are genuine, legitimate and have not been tampered
in anyway, especially the financial and ID documents. Researchers
have proposed approaches to address the authenticity of hand-
written text [2] and validate the forensic characteristics of the
documents [3]. There are several approaches which proposed to
validate the authenticity of the documents by detecting tampering
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or fraudulent characteristics in the documents [4], [9]. However,
these approaches rely on the imperfections in font, style, and posi-
tion of the text which is introduced due to tampering. There are also
several off-the-shelf solutions available to validate the authenticity
of KYC/ID documents [1] based on the bar-code information and
validating native PDF document based on the PDF header infor-
mation or the signature of the documents. However, due to deep
penetration of mobile (scanning) devices, a huge fraction of the
documents are scanned (image) documents where there are limited
capabilities for authenticity verification. This tutorial will present
a broad understanding of techniques and methods developed for
verify document authenticity and gaps that the research community
needs to emphasize on.

3.5 Document Visual Question Answering
The tutorial will present recent advances in an upcoming research
area of document visual question answering [17], [11]. DocVQA
[12] expands the horizon of document understanding from passing
a document image through OCR to understanding all types of in-
formation conveyed by a document to enable high-level semantic
tasks. The tutorial will cover the datasets available for this task and
the techniques build to answer a natural language question on a
single documents or a collection of digitised documents.

4 CHALLENGES
The tutorial will cover challenges, expectations and how it is
been handled in finance industry with use-cases. With every new
customer on-boarding and handling existing documents in orga-
nizations, the process leads to multiple challenges in intelligent
document processing such as:

• Multiple types, layouts, format leading to complexity in clas-
sification, information extraction

• Noise in document image, rotation, document quality leading
to handle image quality assessment or enhancement before
processing it further

• Data can span across multiple pages complicating the re-
trieval data from documents

• Data can varying across languages handling multi-language
documents with existing algorithms poses challenge

• OCR based output might not be accurate leading to lot of
post-processing

• Security access, privacy issus, technical stack, cloud-based
infrastructure leading deployment issues and delayed infer-
ence time in products.

Another global challenge for ubiquitous document analysis and
recognition (DAR) system is the varying international regula-
tory and compliance guidelines. Data compliance and gover-
nance is a necessity for the financial services industry in order
to maximize the potential of their data. With regulatory scrutiny
due to GDPR, CCPA, PII, HIPAA, AML and KYC regulations, many
institutes suffer penalties without being compliant. Hence business
must be data compliant as per regulations, handle security and
privacy of data using data governance, which includes organiza-
tional policies and process to manage data within the organization
and for all AI models. For high risk decision making models, these
becomes utmost important. This tutorial will cover on aspect on

how data/model governance and compliance is handled using intel-
ligent document processing. How document processing can help in
handling compliant issues for many use-cases.

5 DISCUSSION ON OPEN RESEARCH
DIRECTIONS

To conclude, the tutorial will present some of the open questions
and potential research directions in document AI space. The tuto-
rial will discuss about the next steps needed to move away from
using traditional manual or rule based approaches for document
understanding and extraction. The tutorial will compare and con-
trast some the available cloud-based document AI solutions from
Google, Microsoft and Amazon to help the audience make con-
scious decisions about the choices for their problem. The tutorial
will present some of the advanced research areas in document AI
such as document tampering checks. Since a lot of important deci-
sion are being made based on the information extracted from the
documents, it becomes a very important problem in document AI
to ensure that the documents are legitimate and not tampered. This
tutorial will touch upon some upcoming research direction which
are at the intersection of object detection, image processing, natural
language processing, machine Learning and deep learning. These
include multi-object detection to efficiently segment document im-
ages scanned on the same page, de-noising document images and
removing watermarks that could hamper the text extraction from
documents, identifying font/style change detection on documents
that could raise regulatory or brand concerns etc. The tutorial will
also discuss on future trends on powering Generative AI with In-
telligent Document Processing. This helps in increased efficiency,
accuracy, enhanced data insights, data compliance, cost savings etc.
This topic includes leveraging generative AI Large Language mod-
els for documents and some of its potential use-cases like synthetic
document generation, document summarization, semantic search
in documents, interacting with documents etc.

6 CONCLUSIONS
This tutorial will provide an opportunity to bring researchers in
document AI space together to discuss about the opportunities
in this space, to overcome the existing challenges for developing
AI/ML solutions, and to unveil the potential value hidden in the
huge pool of such unstructured documents sources. The tutorial
will also focus on demonstrating some of the practical use-cases of
document analysis systems the value it can draw potential financial
business impacts. Finally, the tutorial will present some of the open
questions, research challenges, and opportunities in this space.
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